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Abstract

Large Language Models (LLMs) are transforming Conversational
Visual Analytics (CVA) by enabling data analysis through natu-
ral language. However, evaluating LLMs for CVA remains a chal-
lenge: requiring programming expertise, overlooking real-world
complexity, and lacking interpretable metrics for multi-format (vi-
sualizations and text) outputs. Through interviews with 22 CVA
developers and 16 end-users, we identified use cases, evaluation
criteria and workflows. We present Lexara, a user-centered eval-
uation toolkit for CVA that operationalizes these insights into: (i)
test cases spanning real-world scenarios; (ii) interpretable metrics
covering visualization quality (data fidelity, semantic alignment,
functional correctness, design clarity) and language quality (factual
grounding, analytical reasoning, conversational coherence) using
rule-based and LLM-as-a-Judge methods; and (iii) an interactive
toolkit enabling experimental setup and multi-format and multi-
level exploration of results without programming expertise. We
conducted a two-week diary study with six CVA developers, drawn
from our initial cohort of 22. Their feedback demonstrated Lexara’s
effectiveness for guiding appropriate model and prompt selection.
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1 Introduction

Recent advances in Large Language Models (LLMs) have enabled a
shift toward more natural conversational interactions with data [52,
56, 69]. Increasingly, LLMs are being integrated into Conversational
Visual Analytics (CVA) tools, allowing users to generate and refine
visualizations through natural language [22, 50, 53, 73, 88]. This
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democratizes Visual Analytics (VA), traditionally defined as analyti-
cal reasoning facilitated by interactive visual interfaces [13, 84], by
making it accessible to users without programming or analytical ex-
pertise. As CVA tools proliferate, it has become imperative for CVA
tool developers and end-user analysts to continually evaluate and
adapt to a rapidly growing ecosystem of LLMs and system prompts.
These choices directly affect system behavior, output quality, and
end-user trust [10]. To understand current evaluation practices
and identify gaps in existing approaches, we conducted formative
studies with practitioners to investigate the following research
questions:

RQ1: What does practitioners’ real-world use of CVA

look like?
RQ2:What evaluation criteria do practitioners applywhen
assessing CVA system outputs?
RQ3: What evaluation workflows do practitioners use for
CVA interactions, what challenges do they face, and how
well do existing tools address these challenges?

Through semi-structured interviews with 22 CVA tool develop-
ers and an observational study with 16 end-users (where a browser
extension logged real-world CVA interactions), we uncovered sig-
nificant gaps between practitioner needs and existing approaches.
Thematic analysis revealed that real-world CVA usage is inherently
multi-turn and multi-format: users engage in iterative conversa-
tions where context from earlier exchanges informs later responses,
and expect systems to produce integrated text, visualization, and
code outputs. Practitioners evaluate both visualization quality (e.g.,
data fidelity, field similarity, chart type, axes, filters and sorting,
visual encodings, and interactivity) and analytical natural language
response quality (e.g., factual grounding, analytical thinking, conver-
sational coherence, and follow-up relevance across turns), empha-
sizing the need for flexible, multi-granular evaluation that accom-
modates graded correctness and multiple valid answers. A response
may be technically correct but still suboptimal or misleading. For
example, a visualization response with swapped axes, choice of
pie vs. bar charts, or semantically inferred fields (e.g., Profit vs.
Revenue-Cost) may be valid, but still differ from expected outputs
in ways that could affect interpretability and trust in the analyses.
Consequently, practitioners rely on ad-hoc, fragmented CVA evalu-
ation workflows: manually comparing outputs across spreadsheets,
adapting ill-suited Natural Language Processing (NLP) metrics, and
referencing external benchmark reports.

Yet current evaluation approaches fall short of these require-
ments. Existing CVA benchmarks’ test cases [17, 47, 48] are syn-
thetically generated, focus primarily on single-turn interactions,
and require programming expertise for setup and interpretation,
limiting accessibility for product managers, designers, and other
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low-code stakeholders. Traditional NLP metrics like BLEU [59],
ROUGE [44], or F1, Precision, Recall [20] are limited to n-gram
overlap with single references and struggle with multi-format CVA
outputs. Even recent visualization-specific metrics [22, 45, 58, 64]
focus on isolated aspects rather than the entire CVA pipeline, and
rarely accommodate graded correctness and are difficult to inter-
pret [97]. Recent general-purpose LLM evaluation tools [4, 34, 38]
offer low-code interfaces but lack native support for CVA-specific
aspects like rendered visualizations, visualization grammars, an-
alytical thinking in natural language responses, and datasource
analysis. These gaps leave practitioners unable to systematically
evaluate the LLM-mediated interaction components (e.g., conver-
sational coherence, inferred assumptions, field selection, and vi-
sualization correctness) that critically shape whether downstream
analytical reasoning is even possible. While visual analytics (VA)
research traditionally focuses on assessing end-to-end sensemak-
ing effectiveness, cognitive support, and task-level analytical out-
comes [35, 62, 63], evaluating these LLM-mediated layers requires
different approaches that complement rather than replace tradi-
tional user-centered VA evaluation.

To address these gaps, we present Lexara, a user-centered toolkit
for evaluating LLMs for CVA that operationalizes our formative
findings into:
• CVA test cases derived from logged real-world end-user
analyst interactions (RQ1),
• Interpretable, graded CVA evaluation metrics aligned
with practitioners’ evaluation criteria (RQ2), and
• An interactive low-code CVA-specific benchmarking

tool designed around practitioners’ workflow challenges
and needs (RQ3), enabling multi-format (text-to-spec visu-
alizations, text-based analytical explanations), multi-turn
evaluation and systematic comparison of model-prompt con-
figurations.

We deployed Lexara and engaged six of the 22 CVA tool de-
velopers in a two-week diary study. Feedback demonstrated that
Lexara’s test cases capture real-world complexity, offer more
interpretable metrics than traditional approaches, and enable
practitioners to uncover performance patterns, diagnose model
and prompt behavior, and make informed deployment decisions.
The toolkit is publicly available at https://lexara-6b38293fcdac.
herokuapp.com/ with open-source code at https://anonymous.
4open.science/r/Lexara-CVA-Eval-280B/README.md. Overall, this
work makes progress toward the larger vision of responsible AI
development for analytics [29, 91], enabling practitioners to sys-
tematically evaluate, compare, and improve LLM-based systems
before deployment.

2 Related Work

This paper builds on prior research across three themes: (1) CVA
tools, which examine how users generate visualizations via natural
language dialogue; (2) CVA evaluation tools, which offer frame-
works and interfaces to systematically assess conversational out-
puts for VA; and (3) visualization and analytical language evaluation
methods, which propose both quantitative and qualitative metrics
to judge the quality of generated visualizations and analytical ex-
planations.

2.1 CVA Tools

A growing body of work has explored Conversational Visual Ana-
lytics (CVA) tools, i.e., systems that enable users to interact with data
and create visualizations through natural language dialogue [71, 89].
These tools are designed to lower the technical barriers to data
exploration by allowing users to issue queries in natural language,
which the tool interprets to: retrieve relevant data fields, select
appropriate chart types, assign encodings, and generate visualiza-
tions.

Early CVA tools used keyword recognition and clarifications [69,
76, 93], interactive widgets [24, 81], and gesture-based input [77]
during the conversation so that users can intuitively interact with
their data without technical or programming expertise. While these
interaction mechanisms help, intent inference, deeper analysis, and
conversational coherence across turns, ambiguity resolution, etc.
remained open challenges [85].

With recent advances in LLMs, there has been a marked shift to-
ward more expressive and capable CVA tools that can comprehend
colloquial, flexible queries, and generate diverse output formats,
including structured code, visualization specifications, rendered
charts, and natural language explanations. Tools like Chat2VIS [50]
leverage GPT-3.5 to translate user queries into code for visual-
izations, supporting iterative refinement through multi-turn dia-
logue. Similarly, pipeline approaches like LIDA [22] decompose
the visualization generation process by combining LLMs with vi-
sualization rules. Commercial tools have also adopted LLMs for
CVA [1, 5, 53, 73, 88]. BaViSitter [19] further expands the CVA land-
scape by exploring multimodal interfaces, enabling users to issue
commands that incorporate both natural language and interactive
visual references. Our work complements this by focusing on how
to systematically evaluate such interactions, especially when they
involve ambiguity, context carryover, and inference.

While these tools demonstrate the potential of LLMs to make
data exploration more accessible, questions remain about how prac-
titioners actually use CVA tools in real-world settings and how they
assess the quality of generated outputs. In this work, we conduct for-
mative studies to explore practitioners’ real-world use of CVA tools,
uncovering their evaluation criteria and workflows when assess-
ing CVA tool outputs. Building on these practitioner insights, we
present a toolkit that operationalizes these findings into test cases,
metrics, and evaluation interfaces to help systematically evaluate,
compare, and improve the models and prompts used in LLM-based
CVA tools before deployment.

2.2 CVA Evaluation Methods

2.2.1 Benchmarks. Standardized benchmarks (e.g., BIG-Bench [78],
HELM [42]) help evaluate LLMs and system prompts at scale, by
specifying inputs and expected outputs across diverse use cases,
from reasoning puzzles to even basic analytics questions, making
benchmarks central to progress in model evaluation. Data-centric
benchmarks, like Spider [40, 95] and CoSQL [94], evaluate natural
language to SQL generation. For natural language to visualization
generation, the nvBench [48], nvBench 2.0 [47] and VisEval [18] test
suites provide large-scale natural language to Vega-Lite mappings.
However, these benchmarks have important limitations. First, they
are synthetically generated rather than derived from real end-user
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usage, meaning they do not re�ect how practitioners actually in-
teract with CVA tools in practice. For instance, most benchmarks
focus on single-turn queries, overlooking the multi-turn conversa-
tional dynamics (such as context carryover, iterative re�nement,
and evolving analytical goals) that characterize real-world data ex-
ploration. Second, running and adapting these benchmarks requires
programming expertise, computational resources, and technical
setup (e.g., con�guring databases, managing API calls, writing eval-
uation scripts), and time, creating barriers for practitioners, such as
product managers, tool designers, and other low-code stakeholders,
who want to evaluate CVA systems without extensive technical
overhead.

Our work addresses these gaps through formative studies that
observe and log real-world CVA usage by end-user analysts. From
this empirical foundation, we deriveLexara's test case suite, which
captures authentic usage patterns including composite questions,
ambiguous intents, and multi-turn dynamics like context carryover
during iterative analysis. Furthermore,Lexara 's interface is de-
signed to democratize CVA evaluation: practitioners can upload
their own test cases, con�gure evaluation experiments, and ex-
plore results at multiple levels of granularity�all without writing
code. This low-code approach makes systematic evaluation and
experimentation accessible to a broader range of users, supporting
iterative improvement of CVA tools before deployment.

2.2.2 Interactive Benchmarking Tools.A growing ecosystem of
evaluation tools helps developers probe and debug model behavior.
OpenAI Evals, Google's AutoSxS, ChainForge [4], EvalLM [38], and
LLM Comparator [34] support test case comparison, hypothesis test-
ing, and automated judgment. Other VA tools like PromptIDE [80],
LMdi� [ 79], and Sequence Salience [83] assist with prompt iteration
and token-level inspection. To support model evaluation and de-
bugging, tools such as OpenAI's Evals framework [102] and Google
Vertex AI AutoSxS [26] o�er capabilities like side-by-side output
comparison, rule-based and LLM-based judging, and hypothesis
testing. However, these tools are built to evaluate single-turn, single-
format outputs, usually text.

Lexara builds on these tools to o�er native support for CVA-
speci�c aspects like multi-turn analyses, comparing rendered visu-
alizations, visualization grammars, analytical thinking in natural
language responses, based on datasource analysis. Its design incor-
porates domain-relevant ontology (e.g., ambiguity type, axis match,
interactivity) and conversation-aware diagnostics, enabling more
targeted debugging and benchmarking of CVA system behavior.

2.2.3 Human and Automated Evaluation Methods.Given the com-
plexity of CVA interactions, human evaluation remains the gold
standard. Experts or users must manually assess nuances and rate
responses on a range of criteria. However, this process is labor- and
time-intensive, and does not scale well across large prompt sets and
model con�gurations [9, 21, 30]. To scale evaluation beyond manual
methods, LLM-as-a-Judge approaches are increasingly used to as-
sess model outputs along dimensions like coherence, correctness, or
explanation quality [27, 37, 54]. These methods often correlate bet-
ter with human judgment than traditional metrics, particularly in
open-ended QA, vision-language tasks, and agent reasoning [15,41].
Yet, studies show systemic biases � including self-preference, ver-
bosity, position, and concreteness biases [72, 90, 92, 98], which can

skew results if not addressed.Lexara develops a complementary
hybrid human-AI evaluation approach to balance the richness of
user-centered values, evaluation criteria and methods, with the
scale of LLM-as-a-Judge automated methods. To ensure validity
and reliability of evaluation methods,Lexara implements prompt,
model, and interface�level safeguards: Evaluation criteria are de-
rived from a formative study with practitioners and end-users. It em-
ploys few-shot prompts seeded with end-user�labeled evaluation
examples that re�ect analyst values and highlight common points
of confusion. The LLM-as-a-Judge Recommendation feature recom-
mends models from outside the candidate model family to reduce
self-preference, and evaluation runs randomize item positioning
and use per-output scoring against a reference rather than pair-
wise comparisons to limit position bias. Prompts explicitly instruct
judges to ignore stylistic �ourish and avoid rewarding verbosity
by truncating or equalizing answer length. To counter concrete-
ness and stylistic biases,Lexara uses detailed rubrics that specify
grounded analytical criteria and provides end-user-annotated ex-
amples across multiple orthogonal metrics. The interface further
surfaces judge rationales, JavaScript Object Notation (JSON) spec
di�s, and rendered charts, enabling human inspection and override
in a hybrid work�ow. Finally, we validateLexara 's metrics against
human raters (e.g., Cohen'ŝ, Spearmand) to ensure alignment.

2.3 Evaluation Metrics for Visualization and
Analytical Language

Evaluating visualizations requires balancing correctness with
interpretability and usability. Foundational work has empha-
sized the trade-o�s between ecological validity and experimen-
tal rigor [63, 103], advocating for mixed methods [31, 39] and
cognition-grounded metrics [8, 14, 43]. More recently, automatic
evaluation techniques have emerged. VIS-Shepherd [58] employs
multimodal or LLM critics to rate visualization quality. Vi(E)va
LLM! [64] proposes a layered stack�from code similarity to in-
sightfulness�applying measures like Jaccard similarity, SSIM, and
VLAT. SimVecVis [45] encodes chart structure as latent vectors and
evaluates reconstruction performance. Song et al. [74] raise critical
methodological questions about evaluating LLM-generated visual-
izations, arguing traditional metrics fail to capture visual design's
complexity and subjectivity. They advocate for nuanced, design-
aware strategies considering interpretability, expressiveness, and
task relevance � aligning with Lexara's graded, hybrid approach.

In parallel, natural language evaluation has matured from n-gram
metrics (e.g., F1, Precision, Recall [20], BLEU [59], ROUGE [44]) to
semantic measures (e.g., BERTScore [96], BLEURT [68]). Yet, these
often fail to capture reasoning quality, contextual coherence, or
domain-speci�c accuracy, especially in open-ended CVA explana-
tions. Addressing these limitations,Lexara develops hybrid visual-
ization and language metrics that accommodate ambiguity, support
multiple correct outputs, and integrate rule-based and rubric-guided
LLM-as-a-Judge pipelines. Users can inspect, override, and re�ne
judgments, enabling interpretable, scalable automation with human-
in-the-loop evaluation.
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3 Formative Studies: Eliciting Real-World Use
Cases, Evaluation Criteria & Work�ows

While prior tools and benchmarks have advanced model evaluation,
they often overlook the actual experiences of CVA practitioners, i.e.,
those building or using these tools in real-world settings. To ground
the design of theLexara toolkit in these practitioner perspectives,
we conducted two complementary formative studies: interviews
with tool developers to surface design rationales and evaluation
work�ows, and observational sessions with end-users to capture
situated judgment during CVA scenarios. Taken together, these
complementary approaches revealed both the considerations shap-
ing system design and the situated practices of use, grounding our
toolkit in the perspectives of those who build and those who rely
on CVA tools.

3.1 Study 1: Tool Developers' Use Cases,
Evaluation Criteria & Work�ows

We conducted one-hour semi-structured video interviews with 22
professionals involved in developing CVA tools. Participants in-
cluded researchers, designers, engineers, and product managers.
Using a snowball sampling strategy [6, 11, 55]: we initially reached
out to subject matter experts in CVA and LLM evaluation in a
large technology company, who then recommended additional col-
leagues with relevant expertise. This sampling ensured coverage
across product, research, and engineering roles engaged in building
or evaluating LLM-powered CVA systems. The interviews explored
four key areas: (1) use cases of CVA tools, (2) evaluation criteria, (3)
work�ows used to assess models and system prompts for these use
cases, and (4) any challenges they faced in conducting these evalu-
ations. All participants gave informed consent for data collection
(audio, video, and usage logs). Sessions were recorded, transcribed,
and thematically analyzed using an open-coding approach [16] to
identify use cases, evaluation work�ows and their challenges, and
evaluation criteria. Refer to the supplementary materials for details
on our experimental protocol, interview guides and apparatus.

3.2 Study 2: End-Users' Use Cases, Evaluation
Criteria & Work�ows

We conducted 45-minute lab-based sessions with 16 professional
data analysts or end-users (* 1-* 16) across diverse domains includ-
ing �nance, education, healthcare, and technology. Participants
held roles such as analysts, BI advisors, data architects, research
scientists, consultants, and product managers. Recruitment was con-
ducted via a visual analytics conference, supplemented by direct
outreach to attendees interested in conversational AI and visualiza-
tion tools. This strategy provided access to participants who had
real-world VA experience but varying familiarity with conversa-
tional interfaces (six beginners, seven intermediate, three advanced).
We classi�ed participants as beginners if they reported less than
one year of regular experience using conversational interfaces for
data analysis. Intermediate participants reported approximately
1�3 years of experience with BI tools and occasional authoring of
visualizations. Advanced participants had more than three years of

experience building or maintaining analytics work�ows and rou-
tinely authored or reviewed visualizations. Each session had two
phases:

Phase 1: Think-Aloud CVA Interaction [15�20 min] To under-
stand their usage of CVA tools, participants used a commonly-used
commercial LLM-enabled CVA tool [73] to analyze a datasource of
their choice, either from a curated gallery or their own (Appendix
Table 3). A Chrome extension (Appendix Figure 5) recorded their
multi-turn interactions, capturing prompts, model responses, and
in-the-moment re�ections. After each response, participants rated
its quality using Likert-style criteria and corrected outputs when
needed to re�ect their expectations. Participants could also suggest
custom evaluation criteria or �ag inaccuracies. These real-world
logs later informed the design ofLexara 's test case library (see
Supplementary Materials).

Phase 2: Side-by-Side LLM Response Comparison [20�25
min] Participants compared anonymized outputs from multiple
models (GPT-4o, Claude-Opus-4, GPT-o3 anonymized for partic-
ipants to avoid biasing) for the same user utterances (visualiza-
tions, natural language responses, and JSON grammar speci�ca-
tions, alongside traditional metrics (F1, Precision, Recall [20]) (Ap-
pendix Figure 6). Grammar speci�cations were shown to expose
structural decisions such as �eld encodings, chart types, �lters, and
sort logic � details not always visible in the rendered visualizations.
By surfacing speci�cations alongside outputs, we enabled partic-
ipants to diagnose why two similar-looking charts diverged and
express expectations around cross-format consistency [69, 85].

They were asked to think aloud as they compared model out-
puts, evaluation trade-o�s, and re�ected on where existing met-
rics fell short. All sessions worked with the same utterances from
the Superstore datasource [82], which is part of the NLVCorpus
benchmark [75]. We selected Superstore due to its familiar business
context and rich analytical scope, which could elicit ambiguity,
multi-turn reasoning, and diverse chart types [69, 70]. Using this
shared datasource ensured ecological validity while enabling con-
sistent comparisons across sessions.

3.3 Characteristics of CVA Use Cases
In addition to analyzing developer and end-user interviews, we
thematically analyzed utterances from Phase 1 of Formative Study
2 (Ÿ3.2), where 16 data professionals from domains, such as �nance,
education, healthcare, and technology engaged in multi-turn CVA
sessions (

Í
= 80 utterances,̀ = 5”8• f = 3”1 turns per conversa-

tion). Using a browser extension (Appendix Figure 5), we logged
user�system interactions, including in-the-loop ratings, corrections,
and labels for each utterance. The resulting conversations spanned
a diverse set of utterance types and evaluation challenges, re�ecting
realistic task complexity and variation across domains (�nance (8
conversations), education (3), healthcare (5)). This annotated set of
utterances re�ects the diversity of analytical intents and reveals
key challenges in interpreting user intent during conversational
interactions, described as follows:

3.3.1 Visualization Types.Thematic analysis of64user utterances
revealed requests for a diverse range of chart types: bar chart (n=30),
scatter plot (n=6), line chart (n=18), box plot (n=4), histogram (n=3),
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multi-line chart (n=3). For example, for the utterance,�Plot a scatter
of discount vs.profit margin ,�,* 5remarked,�I expected a scatter
plot, but it gave me a bar chart. Technically valid but not what I asked�.
Such examples underscore the importance of semantic precision
and visual format alignment in user expectations, highlighting the
need for evaluation metrics sensitive to visualization intent and not
just syntactic correctness.

3.3.2 Ambiguity in User U�erances.In analyzing the user utter-
ances, we observed that27utterances exhibited some form of am-
biguity, requiring the system to make context-sensitive inferences.
Ambiguity in natural language, de�ned as the presence of multiple
plausible interpretations for a single expression or request, is a
well-documented challenge in CVA interfaces [2, 24, 69]. Ambigu-
ity often arises when user intent is underspeci�ed, �eld references
are vague or mismatched, or contextual cues from earlier turns are
required for correct interpretation. A single utterance could display
multiple forms of ambiguity.

Syntactic Ambiguity. 18 utterances demonstrated syntactic am-
biguity, which arises when the structure of a sentence permits
multiple grammatical interpretations [32]. For example,* 13asked,
�Show top 10 products in furniture by sales region with high pro�t,�,
and responded to the result:�I could see at least two ways to interpret
that, [Show the top 10 products in the furniture category, grouped
by sales region, but only include those with high pro�t. or Show
the top 10 products in the furniture category, by those sales regions
that have high pro�t.] and the model picked one[the latter].�

Semantic Ambiguity. Of the27ambiguous utterances,19involved
semantic ambiguity, wherein an utterance could plausibly map to
multiple �elds or concepts in the datasource, due to underspeci�ed
or imprecise language. For example,* 4 asked,�Show me pro�t over
time�, although the datasource only contained �eldsNet Revenue
andCost. The model inferred a plausible mapping and returned a
chart plotting Net Revenue over time. The user later re�ected,�I
said `pro�t,' but in this datasource that could mean revenue minus
cost, or maybe net sales. The model guessedNet Revenue.�

Pragmatic Ambiguity. Pragmatic ambiguity arises when the
meaning of a user's prompt depends on context, whether from
earlier dialogue turns or implicit assumptions that are not explic-
itly stated in the input utterance [69, 85]. Participants encountered
such ambiguity in37utterances, and judged systems not only by
their �nal outputs, but by how well they interpreted underspeci�ed
prompts in light of surrounding context.

Participants often incrementally elaborated on previous prompts
(19utterances), expecting earlier �lters or visual structure to persist.
For example,* 7 began with,�Show sales by region�, followed by,
�Now break it down by category.�They appreciated when the model
preserved the region �lter, noting,�I like that it remembered my
earlier region �lter, but sometimes other models just dropped it.�

Ambiguity also arose when users referred back to previously
mentioned entities without explicitly naming them again (32utter-
ances). For example, when* 12asked,�Which of these categories had
the highest growth?�(following a turn which asked about product
categories)�It got confused about what 'these categories' meant and
pulled in something else [the model erroneously �ltered out all the
categories returning a vacuous chart.].�Participants also expected

temporal or categorical �lters to persist across related turns.* 2
explained how this shaped their interpretation when they asked,
�Show only2023 sales� next �Now compareEast vs.West.� �When
the �lter carried through, the analysis made sense. When it didn't, it
felt like it didn't get me and I had to keep starting over.�

Another form of pragmatic ambiguity involved both implied con-
cepts and underspeci�ed utterances (64occurrences), where users
referenced �elds, �lters, sorts, or time units without explicitly nam-
ing them, expecting the system to resolve intent through context.
For example,* 5 implicitly assumed descending order for a visu-
alization response to the utterance,�Top 10 states by pro�t.�They
remarked,�It didn't sort descending, so the top 10 wasn't actually
top.�

3.4 Evaluation Criteria for CVA Use Cases
These utterances provide a foundation for systematic evaluation.
Building on this foundation, we examined how practitioners ac-
tually judge the quality of CVA outputs in real-world scenarios.
Through thematic analysis of the data, we found that participants
consistently evaluated responses along three key categories:Vi-
sualization Quality, Natural Language Quality, andConversation
Quality.

3.4.1 Visualization �ality. Visualization Quality refers to how
accurately and appropriately a generated visualization represents
the correctness of data values, the appropriateness of chart types for
the given analytical intent, and the presence of �lters and sorting
operations applied to the underlying data representing the visualiza-
tion. Based on participant responses, we group visualization quality
concerns into four key categories:Data, Chart Type, Functionality,
andDesign.

Data. We begin with criteria related to the data underpinning the
visualization, speci�cally, whether the data is faithfully represented
(Data Fidelity) and whether the �elds selected align semantically
with user intent, even when exact matches are absent (Field Simi-
larity ).

Participants emphasized that charts must truthfully and com-
pletely re�ect the underlying data; any deviation, such as missing,
extra, or incorrectly aggregated rows or columns, was viewed as
a major breach of trust (Data Fidelity). As* 11points out, �If it
says Pro�t but it's clearly counting rows, that's a fail for me.�. Partic-
ipants allowed partial credit when the underlying data was what
they expected, but the analytical operation applied to the data (e.g.,
aggregation type) was not what they expected. For instance,* 2
remarked, when viewing `count' as the aggregation type rather
than `sum':�It's not a big deal but here it seems to have missedSum
of Quantity � ).

Another critical dimension of data correctness is whether the
�elds appropriately re�ect the user's analytical intent. This in-
volves both syntactic matching (e.g., �eld names) and semantic
understanding of the utterance (Field Similarity). Participants em-
phasized that �elds bound to visual elements must align with the
task intent, even if the exact names do not match. Near-misses,
such as mapping a user's mention of �sales� to an attribute labeled
sales_amount, or interpreting �date� asBilling_Timestamp_HFD,
were typically accepted when types were compatible or meanings
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Figure 1: Illustration of how practitioners evaluate the multi-format CVA response. The example shows (left) a user utterance
and corresponding model outputs, and (right) the evaluation criteria identi�ed in our formative studies: visualization response
quality assessed by looking at both the rendered visualization and grammar speci�cation (data �delity, chart type, functionality,
design), natural language response quality (factual grounding, analytical thinking and conversation quality). This �gure
provides a conceptual overview and does not re�ect the actual UI of any CVA system.

were semantically close. As* 14explained,�in enterprise schemas,
�elds rarely match user wording exactly and reasonable inferences
preserve �ow.�Participants also appreciated when the model could
make these inferences but strongly preferred transparency in the
mappings.* 14continued,�Recognizedate even when the column
is Billing_Timestamp_HFD, but tell me what you picked. Bold the
exact �eld names you chose. �

Chart Type. Participants consistently emphasized that the appro-
priateness of the chart type directly impacts how easily they can
interpret and trust the visual output. They expected models to fol-
low established visualization best practices [49], such as generating
line charts for trends over time or bar charts for categorical com-
parisons. For instance,* 8 noted upon seeing a bar chart being

generated,�Two models picked the wrong chart for pro�t per month:
it should be a line. I'll still give them partial credit, but they didn't
pick the best chart.�

Functionality. Participants assessed functional correctness based
on whether the visualization functioned as expected in terms of
axes, �lters, and sorting choices. Speci�cally, participants expected
the axes to re�ect correct �eld mappings, orientation, and scale,
including the use of zero baselines when appropriate.* 15remarked,
�This one doesn't start at zero. That's misleading�, and�Can we get
units on the axis?�Swapped axes (e.g., X and Y reversed) were
generally not treated as outright failures, since the data geometry
remained valid, but participants felt they deserved a moderate score
rather than full credit. However, critical errors like incorrect scale
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type or missing baselines, were scored lower.�Missing titles or units
are not deal-breakers, but more like nice-to-haves�(* 14).

Participants viewed �lter correctness as essential for analytic
continuity. They expected the models to clearly indicate applied
�lters and penalized both over-�ltering and under-�ltering.* 3 and
* 5 correspondingly stated,�Only this model didn't �lter. That's the
�rst thing I check� and�This one added extraYear=2024.�

Sorting accuracy was similarly important for data prioritization
tasks. Participants expected the sorting behavior to match either
explicit instructions or be reasonably inferred from context. When
reviewing the model output for�Show top 10 products in Furniture
by Sales�, * 5 commented,�All the other models chose toSales de-
scending, but seems like this model chose to not do that. I guess it's ok
because it's implied but not expected.�

Design. Participants assessed design quality based on how truth-
fully and clearly the visualization encoded information, prioritizing
functionality and interpretability over any stylistic enhancements.

In particular, participants expected visual encodings, such as
color, size, shape, opacity, and text labels to re�ect meaningful
distinctions in the data. Participants attempted to re�ne visual
encodings through follow-up prompting:�Color by Region; add data
labels.�(* 10).

Participants also expected interactive a�ordances, particularly
tooltips to reveal accurate, relevant data on demand. When these el-
ements were incorrect or incomplete, it broke their �ow and raised
concerns about the model's reliability.* 8 noted,�I hovered and it
showed the wrong value. Tooltip said `sum' but it was a count.�Partic-
ipants, such as* 11also prompted to explicitly surface additional
information - �IncludeSales andProfit in the tooltip.�

3.4.2 Natural-Language Response �ality.In addition to visualiza-
tion correctness, participants carefully evaluated the accompanying
natural language responses, particularly when models provided tex-
tual explanations or summaries alongside charts.

Factual Grounding. Participants consistently prioritized factual
consistency between the chart and the text. They expected that
descriptions include all salient facts, such as �lters, measures, mag-
nitudes, and directional trends that were encoded visually. If key
facts were missing or incorrect, trust was quickly eroded and treated
as high-severity errors. As* 12emphasized,�If the chart and the
text disagree, I stop trusting either.�

Analytical Thinking. Participants also evaluated how well the sys-
tem reasoned alongside them, looking for evidence of reasoning or
interpretation beyond simple description. In particular, participants
appreciated when the model explicitly surfaced �lters, timeframes,
or aggregation logic, i.e., assumptions disclosure. This transparency
helped them understand and verify how results were derived. For
instance,* 11noted,�If you assume individual pro�t values, say so.�

Higher-rated responses that synthesized trends, pointed out
anomalies, and suggested comparisons or causes, were considered
insightful; rather than restating input queries, participants valued
responses that proactively explained what the data meant. As* 8
shared,�This one points out that sales dropped in Q4. That's helpful�
and�I would like to get to a point where these systems just give me rich
actionable insights not just say I did what you asked me to�(* 11).

3.4.3 Conversation �ality. Beyond isolated responses, partici-
pants evaluated how well CVA systems sustained coherent, context-
aware conversations over multiple turns. This process included
judging whether the system maintained logical �ow, preserved
contextual intent across prompts, and adapted outputs based on
evolving dialogue.

Coherence.Participants valued responses that were logically struc-
tured, internally consistent, and free from contradictions. They
often praised outputs that maintained a clear reasoning chain and
articulated how di�erent observations connected. For example,* 3
said,�What its saying makes sense that sales rose in Q4 so inventory
dropped. So, this could impact next quarter.�

Follow -up Relevance. Participants emphasized that in multi-turn
interactions, the model must retain prior context: including applied
�lters, selected categories, or inferred user goals. Outputs that failed
to carry over context felt disjointed or inattentive.* 6 highlighted
for this utterance,�Focus on high-growth segments in Q3 only,�when
the model added a �lter with Q3's dates instead of the whole year,
they commented,�I like that since we asked about high-growth seg-
ments in Q3, this tells me what happened in Q3 only.�In Lexara,
we operationalize these concerns by scoring each response in situ
with respect to its preceding conversational context, rather than
collapsing an entire dialogue into a single scalar score. This per-
turn, context-aware design lets practitioners see where multi-turn
work�ows recover from errors or break down.

3.5 Work�ow Challenges and Design
Considerations

Through interviews with the CVA practitioners, we identi�ed �ve
core challenges (C1�C5) that they face when evaluating CVA sys-
tems. Each challenge is associated with recurring evaluation work-
�ows, which, while common, often fall short of supporting system-
atic and scalable LLM benchmark evaluation.

C1: Fragmented, ad hoc comparisons. Practitioners primarily
relied on manual side-by-side comparisons of models and prompts.
They often tested the same utterance across con�gurations, con-
solidated outputs in spreadsheets or slides, and visually inspected
screenshots and specs.) 3 and) 11explain their respective work-
�ows, �I literally had tabs for each model. One with the spec, one with
screenshots, and then I'd eyeball which chart dropped categories�and
�I feel like I'm always just context switching across all these channels,
which leaves me not able to have time for really diving into types of
behavior I care about.�

C2: Misalignment with domain-speci�c tasks. While public
benchmarks like nvBench [48], Spider [40], and VisEval [18] o�ered
a shared vocabulary, practitioners found them poorly aligned with
their speci�c CVA use cases. They often needed to test ambiguous
�eld references, vague temporal phrases, or domain-speci�c ana-
lytic tasks that benchmarks did not capture.) 17stated,�Aggregate
scores rarely tell me if the model will mess up axes when I ask for
'pro�t by segment' and such�and* 6 expressed frustration when
describing their work�ow: �need to tailor to own data and use cases.�

C3: Unreliable transfer to actual environments. Practitioners
frequently encountered mismatches between public benchmark
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performance and real-world reliability. Models that performed well
in papers or demos often broke down when applied to internal data-
sources or production work�ows. As) 20noted,�Prompts work for
their demo datasource, but failed on ours.�To get more reliable com-
parisons, some developers used programmatic test suites, running
benchmark scripts over curated utterances in notebooks. While this
added reproducibility, the gap between test coverage and domain-
speci�c needs remained.) 7explains,�We run our benchmark on real
data and look for accuracy, cost, speed columns, and export machine-
readable logs.�

C4: Inaccessible and opaque evaluation outputs. Evaluation
pipelines often required programming expertise and produced out-
puts that are typically JSON logs or console traces. This limited
collaboration between engineers, PMs, and designers from partici-
pating meaningfully in the evaluation, as) 17points out:�We run
programmatic scripts from nvBench, but the outputs are JSON logs
that PMs can't interpret.�Even for technical users, understanding
why a case passed or failed remained di�cult as few tools supported
granular inspection or comparison across meaningful categories -
�No self-service so the benchmarking evaluation dashboard is hard to
update and maintain, so results stay opaque to non-engineers�() 7).

C5: Lack of interpretable and graded metrics. Participants
reported that standard metrics, such as accuracy, BLEU, F1 rarely
captured the graded, nuanced correctness required in CVA. Many
cases involved partial correctness (e.g., correct chart but misleading
axis), where binary scoring fell short, as) 14pointed out,�In our
work, accuracy isn't just yes or no. Sometimes it's close enough to be
useful, other times a valid looking chart is misleading.�

4 Design Considerations For A CVA Evaluation
Toolkit

Guided by the evaluation work�ows and challenges (C1�C5) out-
lined in Ÿ3.5, we de�ne seven design goals (D1�D7) to guide the
evaluation of an LLM-based CVA toolkit (i.e., a software system
that integrates reusable components for building, testing, and an-
alyzing CVA test cases). Each goal is grounded in observed needs
and translated into concrete design strategies, which we realize in
the Lexara toolkit (Ÿ5).

D1: Lower the barrier to systematic benchmarking. Enable
low-code practitioners to set up, run, and interpret benchmarking
experiments with minimal e�ort based on challenges[C1] and[C4] .
By providing templates for datasources, utterance sets, rubrics, and
sensible defaults for metrics and comparisons, the toolkit should
support reproducible evaluations without requiring programming
skills, a need emphasized in HCI literature [36, 66].

D2: Tailor evaluations to real-world CVA use cases. To address
challenges of misalignment with real-world CVA tasks ([C2] , [C3] ),
the toolkit should support benchmarking on user-speci�c data,
tasks, and prompts, a paradigm advocated for contextualized LLM
evaluation aligned with practitioners' tasks and goals [25].

D3: Scale evaluations with speed and reliability. To address
the bottlenecks in manual comparison ([C1] ) and opaque tooling
([C4] ), the toolkit should support scalable, repeatable experiments

across many utterances, prompts, and models, enabling e�cient
comparisons and rapid iteration [23].

D4: Compare across formats. To address challenges in manual,
fragmented comparisons ([C1] ), the evaluation toolkit should sup-
port reasoning on alignment across multiple output formats (i.e.,
rendered visualizations, natural language explanations, and under-
lying chart speci�cations) [51].

D5: Link overviews to instance-level insights. To address limi-
tations in fragmented comparisons and opaque tooling ([C1] , [C4] ),
the toolkit should allow practitioners to �uidly navigate between
high-level aggregate metrics and �ne-grained utterance-level re-
sults. This supports practitioners in identifying performance subsets
across task types, semantic categories, or failure modes that are
most relevant to their analysis goals [46].

D6: Support context-aware diagnostic analysis. Evaluation
toolkits should enable practitioners to interpret model behavior in
relation to speci�c analytic contexts ([C1] , [C4] ). Drawing from
prior work in model interpretability [23,66], the toolkit should iden-
tify when models succeed or fail (e.g., across utterance types, data
domains, or prompt strategies), and how those outcomes emerge
through qualitative and quantitative patterns in model and prompt
behavior.

D7: Make metrics interpretable and actionable for handling
multiple plausible answers. To address limitations in binary met-
rics ([C5] ), CVA evaluations should employ transparent, graded
metrics that can accommodate multiple valid outputs. Metrics
should clearly communicate what is being measured, why it matters,
and how the score was derived to support trust and actionability
for model and prompt selection [25, 36].

5 Lexara : A User-Centered CVA Evaluation
Toolkit

Building on the design considerations, we developedLexara, a user-
centered evaluation toolkit that operationalizes the �ndings from
our formative studies. The toolkit comprises three complementary
components:

� Test Cases from Real-world CVA Conversations [D2,
D6] [Ÿ5.1]: A curated suite of multi-turn user queries anno-
tated with expected outputs and labeled for prevalent CVA
challenges such as ambiguity, inferred �elds, and context
carryover.

� CVA Evaluation Metrics [D7][Ÿ5.2]: A set of interpretable
metrics derived from practitioners' evaluation criteria cov-
ering visualization quality, analytical natural language re-
sponse quality, and conversational coherence, designed to
handle graded correctness and multiple plausible answers.

� CVA-Speci�c Interactive Evaluation Tool [D1, D3, D4-
6] [Ÿ5.3]: A low-code interface for setting up and running
evaluations, comparing multi-format outputs across models,
prompts, and turns, and linking aggregate metrics to �ne-
grained diagnostics based on structured test case templates.
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5.1 Lexara 's Test Cases from Real-world CVA
Conversations

Each test case is based on a speci�c datasource and is represented
in YAML/JSON format. The datasource �le includes the following
�elds: title , data-source-fields the data attributes, each with
anameandfieldValues , a column-vector of data values. Each test
case includes:Conversation ID, set ofUtterances with canoni-
cal phrasing (i.e., a representative or standard formulation of the
intent) and participant-authored variations,Labels denoting chart
type, ambiguity type, context-handling, and inferencing types. The
expected responseis provided in two formats: (i) a visualization
speci�cation (in a JSON schema similar to Vega-Lite [87], covering
�elds, encodings, transforms, �lters, and sorts) and (ii) a natural lan-
guage explanation that faithfully describes the chart while surfacing
assumptions made by the model (e.g., inferred �elds or grouping
logic). We expose these templates in the User Interface (UI) to give
practitioners �ne-grained control over datasources and labels at
the cost of some upfront schema familiarity.

To ensure theseexpected responsesre�ect real-world prac-
titioner or expert consensus, test cases were sourced either from
(i) end-user analyst interactions during the formative study, where
participants corrected model outputs during real-world usage, or
(ii) from prior literature and benchmarks [18, 48, 75]. To ensure
quality, each expected response was independently reviewed by
two CVA domain experts. In cases of disagreement, a third expert
adjudicated the �nal answer. Inter-rater reliability analysis (Cohen's
Kappa = 0.81) con�rms a high level of agreement across annotators.
Since many tasks often have multiple plausible answers, we mit-
igate subjectivity by explicitly labeling the sources of ambiguity
(i.e., syntactic, semantic, and pragmatic) and supporting multiple
acceptable expected answers when justi�ed.Lexara 's evaluation
framework applies graded metrics that capture partial correctness
on a continuum, enabling �ner-grained diagnostic feedback be-
yond binary judgments. Because the metrics compute scores by
comparing model outputs against these expected CVA responses,
the current toolkit is explicitly designed for curated test suites,
which as mentioned in the formative study, many teams already
maintain. The full test suite is included in the Supplementary Ma-
terials and can be directly uploaded into theLexara toolkit for
benchmarking.

5.2 Lexara 's User-Centered Evaluation Metrics
The practitioner evaluation criteria described in detail in Ÿ3.4 are
implemented in code and their graded nature is illustrated through
examples in this section. For examples of howLexara evaluates
model responses using these metrics see Table 1. The metrics are
designed to operate over structured visualization grammars and
natural language text, and do not assume vision inputs or explicit
tool-calling support. To re�ect the nuanced judgments practitioners
make in evaluating CVA outputs, the metric scores are scaled to
express partial correctness on a continuum rather than as binary
outcomes. For instance, a model output that captures the general in-
tent of the query but omits a key �lter or misrepresents an encoding
might receive a score of70rather than50. This scaling is informed
by formative user studies, where practitioners rated outputs on
Likert-style scales and provided justi�cations re�ecting degrees

of acceptability. We anchor partial credit scores to thresholds that
align with rubric-based assessment theory [12] and graded bench-
marking techniques [7, 28, 60] for supporting diagnostic debugging.
This graded approach to benchmarking enables practitioners to
distinguish between responses that are technically plausible but
incomplete, versus those that are outright misleading or irrelevant.

5.2.1 Visualization �ality Metrics. Metrics systematically mea-
sure the quality of visualization responses and range from 0�100%.
Calculated by comparing the expected and actual visualization
grammar spec and accommodating for partial credit or multiple
plausible answers.

Data. Refers to whether the visualization truthfully represents
the underlying datasource. This includes checking for �delity of
rows, columns, and aggregations, as well as semantic alignment of
selected �elds with user intent.

� Data Fidelity: Checks if the visualization faithfully repre-
sents the underlying datasource (rows, columns, and pro-
cessing like aggregations or means).

function Score_Data_Fidelity (expected, actual)
if expected equals actualthen

return 100
else if same rows and �elds(expected, actual) AND minor
aggregation di�erence(expected, actual)then

return 70
else

return 0
end if
end function

Examples:Expected: Sum of Quantity = 200 vs Actual: Count
of Quantity = 200! Score =70%(aggregation mismatch).
Expected: 100 rows vs Actual: 80 rows! Score =0% (data
missing).

� Field Similarity: Checks if bound �elds match intended
�elds; partial credit if �elds are semantically equivalent or
have matching data types.

function score_field_similarity (expectedSpec, actual-
Spec, datasourceMeta)

� G  expectedSpec.encoding.x.�eld
� ~  expectedSpec.encoding.y.�eld
� G  actualSpec.encoding.x.�eld
� ~  actualSpec.encoding.y.�eld
function canon(f, meta)

names f <4C0»5¼”=0<4g[ meta[f].aliases
return stem(lowercase(join(names)))

end function
function cosSimStems(s1, s2)

®E1  bow(s1); ®E2  bow(s2)
if k®E1k = 0 or k®E2k = 0 then

return 0
end if

return
®E1 � ®E2

k®E1kk®E2k
end function
( G  cosSimStems(canon(� G, datasourceMeta),

canon(� G, datasourceMeta))
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Test User Utterance Expected Response Model Response Metrics

1
Turn
1

<Quantity> on y-axis and <Region> on
x-axis

A vertical bar chart with Region on
the x-axis and the sum of Quantity on
the y-axis (range 0�140). The Central
region has the highest total ( 137), with
other regions lower.

A bar chart comparing Quantity (y-
axis) across Regions (x-axis), allowing
a quick scan of how quantities di�er by
region.

Data Fidelity = 100%; Field Similarity
= 100%; Chart Type Similarity =
100%; Axis Accuracy = 100%; Filter

Accuracy = 100%; Sort Accuracy =
100%; Visual Encoding Accuracy =
100%.

Overall Viz = 100%.
NL: Factual Grounding70%; Assump-
tions Disclosure =40%; Insightfulness
= 40%; Coherence90%.
Overall NL 65%.

1
Turn
2

Sort by <Quantity>

A vertical bar chart of Regions, sorted
in descending order by the sum of
Quantity, so the highest-quantity region
(Central, 137) appears �rst.

A bar chart ordered by Quantity values
for each Region; the description notes
sorting by quantity but does not specify
whether the order is ascending or
descending.

Data Fidelity = 100%; Field Similarity
= 100%; Chart Type Similarity =
100%; Axis Accuracy = 50%; Filter

Accuracy = 100%; Sort Accuracy
= 0%; Visual Encoding Accuracy =
100%.

Overall Viz 65%.
NL: Factual Grounding60%; Assump-
tions Disclosure =40%; Insightfulness
= 20%; Coherence80%.
Overall NL 50%.

2 show me top accounts by attendees

A horizontal bar chart of the Top 10
Account Names, ranked by total (sum)
Item Quantity and sorted from highest
to lowest, making it easy to spot the
highest-volume accounts.

A horizontal bar chart listing the Top
10 Account Names ranked by sum(Item
Quantity), with bars sorted descending
to highlight the largest contributors.
(Accounts with null Item Quantity don't
contribute to the totals.)

Data Fidelity = 100%; Field Similarity
100%; Chart Type Similarity = 100%;

Axis Accuracy = 100%; Filter Accuracy
= 100%; Sort Accuracy =100%;
Visual Encoding Accuracy95%.
Overall Viz 98%.
NL: Factual Grounding =100%; As-
sumptions Disclosure =100%; Insight-
fulness = 20%; Coherence95%.
Overall NL 85%.

3 count orders by categories

A bar chart that counts orders per
Category�the x-axis lists categories
and the y-axis shows the count of Order
IDs.

A bar chart breaking down Order IDs
by Category, with each category rep-
resented by a di�erent color to distin-
guish groups.

Data Fidelity = 100%; Field Similarity
= 100%; Chart Type Similarity 50%;
Axis Accuracy = 100%; Filter Accuracy
= 100%; Sort Accuracy =100%;
Visual Encoding Accuracy85%.
Overall Viz 90%.
NL: Factual Grounding60%; Assump-
tions Disclosure =20%; Insightfulness
= 20%; Coherence90%.
Overall NL 50%.

4 revenue versus earnings

A scatterplot with Sales on the x-axis
and Pro�t on the y-axis, one point per
record. Plotting raw values reveals how
pro�t changes with sales.

A scatterplot comparing total Sales (x)
to total Pro�t (y) so it collapses to a
single point representing Sum of Sales
vs. Sum of Pro�t.

Data Fidelity = 0%; Axis Accuracy =
95%; All other viz metrics = 100%.

Overall Viz = 85%;
NL: Factual Grounding25%; Assump-
tions Disclosure =0%; Insightfulness =
20%; Coherence90%.

Overall NL 30%.

Table 1: Worked examples showing how Lexara metrics assess visualization and natural language quality responses interpre-
tively.
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( ~  cosSimStems(canon(� ~, datasourceMeta),
canon(� ~, datasourceMeta))

(  ¹ ( G ¸ ( ~º•2
) G  [meta[� G].dataType = meta[� G].dataType]
) ~  [meta[� ~].dataType = meta[� ~].dataType]
bonus 10if ¹) G ^ ) ~º else0
return min¹100• 100� ( ¸ 1>=DBº

end function
Examples:Related data type and semantic �elds:Order Date
vs Ship Date ! base semantic similarity0”77; both tem-
poral ) + 10% type bonus. Score:min¹100%• 77%̧ 10%º =
87%
Unrelated data types and semantic �elds:Region vs
Category ! base semantic similarity0”29; both discrete
dimensions) +10% type bonus. Score:min¹100%• 29%̧
10%º = 39%
Missing axis:Sales vs (missing Y axis) ! no compa-
rable �eld, similarity = 0”0; no type bonus. Score:0%
Note:For two-axis charts, compute( G and( ~ separately via
stemmed cosine similarity, set( = ¹( G ¸ ( ~º•2, then add a
single 10% bonus only if both axis data types match; cap at
100%.

Chart Type. measures how well the model's chosen mark type
aligns with the mark types that Tableau's Show Me engine [49] rec-
ommends for the same set of data �elds. We (i) run Show Me on the
expected �elds to obtain a ranked list of recommended chart/mark
types, then (ii) compare the model's chosen mark against that list:

function score_chart_similarity (expectedSpec, actualSpec,
datasourceMeta)

�  f 4G?42C43(?42”4=2>38=6”G”5 84;3• 4G?42C43(?42”4=2>38=6”~”5 84;3g
'  ShowMeRecommend(� , datasourceMeta)• ranked list

of mark types
"  normalizeMark(actualSpec.mark)• e.g., �line�, �bar�,

�area�, �point�, �table�
if ' = ; then

return 0%
else if " = ' »1¼then • top recommendation

return 100%
else if " 2 ' then • other Show Me recommendation

return 50
else

return 0%
end if

end function
Examples:Best recommended chart: Data = time series, Model =

line ! Score =100%. Plausible but not best: Data = time series,
Model =area ! Score =50%. Alternate plausible: Data = category
+ measure, Model =pie ! Score =50%. Poor choice: Data = two
measures, Model =table ! Score =0%.

Functionality Captures whether the visualization operates cor-
rectly in terms of axes, �lters, and sorts. A functionally correct chart
re�ects accurate axis assignments, scale and baselines, appropriate
�ltering, and expected ordering.

� Axis Accuracy. Evaluates whether the X/Y axes use the
intended �eldsandparameters, giving graded credit for se-
mantic proximity of �eld names and incorporating data-type
compatibility directly into the similarity score.

function score_axis_accuracy(expectedSpec, actual-
Spec, datasourceMeta)

� G  expectedSpec.encoding.x.�eld;� ~  expect-
edSpec.encoding.y.�eld

� G  actualSpec.encoding.x.�eld; � ~  actual-
Spec.encoding.y.�eld

( G  cosSimStems(canon(� G, datasourceMeta),
canon(� G, datasourceMeta))

( ~  cosSimStems(canon(� ~, datasourceMeta),
canon(� ~, datasourceMeta))

) G  1¹<4C0»� G¼”30C0) ~?4=<4C0»� G¼”30C0) ~?4º
) ~  1¹<4C0»� ~ ¼”30C0) ~?4=<4C0»� ~ ¼”30C0) ~?4º
( 0

G  0”9 � ( G ¸ 0”1 � ) G
( 0

~  0”9 � ( ~ ¸ 0”1 � ) ~
(  ¹ ( 0

G ¸ ( 0
~º•2

B2>A4 100� (
if axesSwapped(expectedSpec, actualSpec)then

B2>A4 0”5 � B2>A4
end if
if wrongScaleOrBaseline(actualSpec)then

B2>A4 0”7 � B2>A4
end if
return min¹100• B2>A4º

end function
� Filter Accuracy Measures how well applied �lters match

the expected set, allowing partial credit when�eld namesare
semantically close andvaluesnormalize to the same concept;
adds a small bonus when matched �elds share data types.Ex-
amples:Extra �lter: expected {Year=2023}, actual {Year=2023,
Region=West}! 50% (one match over soft union),̧10%
if types align; Semantic �eld/value match: expected {Re-
gion=West}, actual {SalesRegion=West}! high semantic
similarity and added value equivalence) 100%; Wrong
value: expected {Month=Jan}, actual {Month=Feb}! 0%

function score_filter_accuracy (expectedSpec, actual-
Spec, meta)

�  normalizeFilters(expectedSpec.transform.�lter)
�  normalizeFilters(actualSpec.transform.�lter)
matched 0
usedA ;
usedE ;
for each4 2 � do

best 0
bestIdx none
for each0 2 � not in usedAdo

B5 
cosSimStems(

canon(4”5 84;3, meta),
canon(0”5 84;3, meta))

if B5� g5 and valuesEquivalent(4, 0) then
B8< ¹ B5̧ >?"0C2�¹e•aºº•2
if B8<¡ 14BCthen
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best B8<
bestIdx 0

end if
end if

end for
if bestIdx< nonethen

matched <0C2�43̧ 14BC
usedA DB43�[ f 14BC�3Gg
usedE DB43�[ f 4g

end if
end for
matchCount j DB43�j
unionSize j � j ¸ j � j � <0C2��>D=C
if unionSize = 0then

return 100
end if

base 100�
<0C2�43
D=8>=(8I4

base min¹100• 10B4º
typesAgree 

allMatchedTypesEqual(usedE, usedA)
if typesAgreethen

bonus 10
else

bonus 0
end if
return min¹100• 10B4̧ 1>=DBº

end function
� Sort Accuracy: Assesses whether sort�elds anddirections

match, granting graded credit for semantic proximity of the
sort key and a type-consistency bonus.

function score_sort_accuracy (expectedSpec, actual-
Spec, datasourceMeta)

�  expectedSpec.sort • (�eld, direction)
�  actualSpec.sort • (�eld, direction)
if � is none and � is nonethen

return 100
end if
if � is none xor � is nonethen

return 0
end if
( 5  cosSimStems(canon(�”5 84;3, meta),

canon(�”5 84;3, meta))
�  1”0 if �”38A= �”38A;

0”5 if �”38A< �”38A;
0 if �”38Amissing when�”38Aspeci�ed

10B4 100� ( 5 � �
1>=DB  10 if meta[�”5 84;3].dataType =

meta[�”5 84;3].dataType else0
return min¹100• 10B4̧ 1>=DBº

end function
Examples:Right �eld, wrong direction: Salesdescvs. Sales
asc ! ( 5 = 1”0, � = 0”5; 50%(+10%if type matches)) up
to 60%; Semantic key: Revenuedescvs. SalesAmountdesc
(treated as same concept)! ( 5 = 0”8, � = 1”0, type bonus

= 10) = 100%; Missing sort: expected sortdesc , actual
none! 0%

Design. Focuses on how clearly and meaningfully information is
encoded. This involves assessing the accuracy of visual encodings
(e.g., color, size, labels), the appropriateness of design choices for
interpretability, and whether interactive elements (e.g., tooltips)
provide correct contextual information.

� Visual Encoding Accuracy. Measures how truthfully and
clearly the chart maps data to visual channels, using a graded
score per channel (color, shape, opacity, text, size), then av-
eraging across channels. For each channel we combine: (i)
semantic match of bound �eld, (ii) data-type consistency, and
(iii) design best-practice adherence (e.g., hue for nominal,
gradient for quantitative, contrast, legibility).

function score_encoding_accuracy (expectedSpec, ac-
tualSpec, meta)

channels f 2>;>A•B�0?4•>?028C~• C4GC•B8I4g
scores » ¼
for each2 in channelsdo

�  expectedSpec.encoding.2
�  actualSpec.encoding.2
if � is noneand � is nonethen

append100to scores
continue

end if
presence 0
if � and� presentthen

presence 100
else if � presentthen

presence 50
end if
sem 0
if � and� presentthen

sem 100�
cosSimStems(

canon(�”5 84;3, meta),
canon(�”5 84;3, meta))

end if
typeOK 0
if � and� presentthen

if meta[�”5 84;3].dataType =
meta[�”5 84;3].dataTypethen

typeOK 100
end if

end if
practice 100�

bestPracticeScore(2, � , � , meta)
B2  

0”3 � ?A4B4=24¸
0”4 � B4<̧
0”1 � C~?4$ ̧
0”2 � ?A02C824

appendB2 to scores
end for
return mean(scores)

end function
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Examples:Exact, well-designed: Color = Region (nominal)
with categorical palette, text labels on bars, size not used
! Score100%; Good semantics, minor design gap: Color =
Sales (quantitative) but uses categorical palette (should be
gradient)! Score80%; Alternative acceptable: Expected no
opacity, actual uses opacity to mitigate overplotting in dense
scatter (quantitative)! Score80%; Mismatched channel:
Size = Region (nominal) with many categories! Score40%;
Missing expected channel: Expected color by Region, actual
has no color encoding! Score =0% for color (averaged
across channels)

� Interactivity Accuracy Scores how well interactive a�or-
dances (e.g., tooltips, selection, zoom/pan, drill-down) sup-
port accurate, relevant, and usable reading. Allowsmultiple
correct answers: if the actual design includes an alternate but
reasonable set of �elds or interactions that covers the re-
quired information, it receives partial credit. We combine: (i)
coverageof required info, (ii)correctnessof shown values/ag-
gregations, and (iii)usabilitybest practices (formatting, units,
concise lists, interaction consistency).

function score_interactivity_accuracy (expectedSpec,
actualSpec, datasourceMeta)

'  requiredTooltipFields(expectedSpec) • �elds
bound to x,y,color,size + key �lters/measures

�  actualTooltipFields(actualSpec)
"  matchFieldsSemantically(' , � , datasourceMeta)

• one-to-one best semantic matches

coverage 100�
j" j

max¹1•j' jº
• fraction of required

info covered
correctness 100� mean(aggOK(< ) for < 2 " ) •

aggregations/values align with spec
extras 100� normalized count of additional relevant

�elds in � n"
redundancyPenalty 100� penalty for dupli-

cates/noise (e.g., repeating same measure twice)

tooltipScore clamp
�

0”6�coveragȩ 0”3�correctness

¸ 0”1�extras� 0”1�redundancyPenalty
�

interactionsExpected  interactions-
From(expectedSpec) • e.g., selection, zoom,
drill

interactionsActual interactionsFrom(actualSpec)
interMatch 100� softJaccard(interactionsExpected,

interactionsActual) • partial credit for alternates
consistency 100� interactionConsistencyOK ()

• tooltips/selection respect �lters/sorts/encodings
usability  100� avg(formattingOK (),

unitsShown (),brevityOK ()) • avoid long lists, show
units

FC  0”6• F8  0”2• F2  0”1• FD  0”1
return FC�tooltipScore ¸ F8�interMatch

¸ F2�consistency̧ FD�usability
end function

Examples.

Complete & correct tooltips: Show X, Y, color �eld, and
measure with correct aggregation, formatted with units; se-
lection highlights series consistently! Score100%. Alter-
nate but acceptable: Expected {Month, Sales, Region}, actual
shows {Month, SalesAmount, RegionName, Pro�t}; semantic
matches for required �elds plus a relevant extra; formatting
OK ! Score95%. Partially correct: Shows X/Y but omits
�lter context and uses count instead of sum in tooltip!
Score60%. Redundant/noisy: Long tooltip lists with dupli-
cate �elds, inconsistent units! Score 50%. Missing: No
tooltips or interactive a�ordances when expected! Score
= 0%.

5.2.2 Natural Language Response �ality.These metrics evaluate
natural language responses in CVA. Four out of �ve of them are
implemented as LLM-as-a-Judge metrics grounded in human-in-the-
loop evaluations from Formative Study 2 [Ÿ3.2], where participants
rated model outputs turn-by-turn and articulated why certain re-
sponses were accurate, incomplete, or misleading. These qualitative
judgments provided a rich, annotated dataset used to craft few-shot
rubrics for automated scoring. For example, vague or contradic-
tory explanations were labeled by participants as �low coherence,"
while detailed responses naming �lters, time frames, and assump-
tions were judged �high on assumptions disclosure.� By embedding
these annotated examples into the judge prompts, we ensured that
LLM-based ratings would better align with practitioner expecta-
tions, capture graded correctness, and remain interpretable. This
approach also gave end-users a traceable in�uence on the design
of automated evaluation, supporting transparency and trust in the
resulting metrics.

Factual Grounding: This is calculated programmatically and en-
sures the explanation conveys the semantically similar facts as the
visualization (measures, magnitudes, directions).

function score_factual_grounding (expectedText, actual-
Text)

4  embedding(expectedText)
0  embedding(actualText)
similarity  

cosine(4, 0)
if contradiction(expectedText, actualText)then

return 0
else

return 100� B8<8;0A8C~
end if

end function
Examples:

� Expected: �Pro�t climbed 8% year-over-year� vs Actual:
�Pro�t up eight percent year-over-year�! Score =100%.

� Expected: �Pro�t climbed 8% year-over-year� vs Actual:
�Pro�t improved year-over-year� ! Score =70% (magni-
tude missing).

� Expected: �Pro�t climbed 8% year-over-year� vs Actual: �Rev-
enue grew 8%�! Score =0% (wrong measure).

Analytical Thinking:
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� Assumptions Disclosure: 1 Evaluates whether the re-
sponse surfaces relevant assumptions (�lters, time frames,
aggregation choices).Examples:
� Actual: �This assumes the Region �lter is set to North

America and values are aggregated monthly�! Score = 4
(relevant assumptions).

� Actual: �These insights assume data excludes returns, is
�ltered to 2023, and that Sales re�ects total revenue, not
net� ! Score = 5 (comprehensive).

� Insightfulness: 1 Captures depth of analysis, identifying
trends, exceptions, and actionable implications.Examples:
� Actual: �Sales increased�! Score =2 (basic observation).
� Actual: �From Q1 to Q4, Electronics in the West grew 25%,

Apparel in the South fell 10%, suggesting a shift in seasonal
demand�! Score = 5 (rich, actionable).

Conversation Quality:

� Coherence:1 Evaluates whether the response is internally
consistent and logically structured.Examples:
Actual: �Sales are up, but that means pro�t is lower, so we
should cut inventory�! Score = 1 (contradictory). Actual:
�Inventory is down. Sales are good. Pro�t is low. Maybe a
trend?� ! Score = 2 (disorganized). Actual: �Sales increased,
possibly leading to higher pro�t. Inventory dropped, which
might be a concern�! Score = 3 (mostly coherent). Actual:
�Sales rose in Q4, contributing to higher pro�ts. Inventory
dropped signi�cantly, which could create supply issues next
quarter� ! Score = 4 (well-structured). Actual: �Q4 sales
increased 20%, pro�ts rose 15%, while inventory declined
30%, raising ful�llment concerns for Q1�! Score = 5 (clear
and precise).

� Follow-up Relevance: 1 Checks whether the response re-
mains grounded in prior turns of the conversation (multi-
turn only). Examples:

� Previous user utterance: �Focus on high-growth seg-
ments.�
Response:�I included segment data like you asked ear-
lier.�
! Score = 2 (minimal linkage).

� Previous user utterance: �Focus on high-growth seg-
ments in Q3 only.�
Response:�This line chart �lters to Q3 only, shows
Technology outperforming all others, continuing the
trend we saw last week.�
! Score = 5 (fully grounded).

5.3 Lexara 's Interactive CVA Evaluation Tool
Building on the real-world test cases [Ÿ5.1] and user-centered met-
rics [Ÿ5.2], e�ective CVA evaluation also requires an interactive
tool that simpli�es setup, supports low-/no-code use, and surfaces
actionable insights. TheLexara interface is designed to address
fragmented work�ows, opaque outputs, and the disconnect between
aggregate metrics and speci�c failures, supporting our design con-
siderations [D1�D7]. It enables users to run benchmarks on custom

1This is an LLM-as-a-Judge Metric, please see the human annotated few-shot examples
used to prompt this in the supplementary materials.

data and prompts, compare multi-format outputs side by side, and
drill down from high-level metrics to turn-level diagnostics.

5.3.1 Evaluation Setup.(Figure 2)Lexara enables low-code prac-
titioners to run systematic CVA benchmarking experiments across
multiple models and system prompts[D1�D3] . The setup work-
�ow includes intentional defaults, helpful templates, and guardrails
for error handling. Each run treats a con�guration of one or more
models and system prompts applied to a shared set of test cases as
the object of evaluation. That is, the toolkit focuses on evaluating
model�prompt behavior in the CVA backend (e.g., datasource inter-
pretation, visualization speci�cation, explanation quality), rather
than instrumenting every component of a deployed CVA applica-
tion such as the UI, logging pipeline, or enterprise orchestration.

Upload datasource and test case �les. Practitioners can upload
their own datasources and test case �les, or select from a sample in
the 'Select Test Case' dropdown. To create their own �les, they are
given guidance on template with required �elds, structure, and an
example �le stub. When the uploaded �les do not match require-
ments, the error messages are speci�c in explaining how to �x the
issue. Upon successful upload, they can preview the datasource
table and test cases in the Evaluate Test Cases table where each
test case ID is a conversation, each row is a user utterance in the
conversation with labels, clicking on `+` next to the test case ID
unfurls all the rows/utterances in multi-turn conversations.

Specify system prompts. To compare prompt variants, practition-
ers can de�ne multiple system prompts using an example prompt
template with required variables (e.g.,datasource,utterance , and
expectedJSON visualization grammar structure ). Prompts are
numbered for traceability in results.

Select Models.The toolkit currently supports 10 models: the lat-
est OpenAI (GPT-5, GPT-5-mini, GPT-5-nano, o3, o4-mini),
Anthropic (claude-opus-4, claude-3.7-sonnet , and Deepseek
models (r1). These were selected as commonly used models by par-
ticipants in the formative studies. Practitioners are encouraged to
bring their own API keys for models. In our current implementation,
Lexara treats all evaluated models as text-only chat endpoints: we
send natural language utterances and receive JSON visualization
speci�cations plus textual explanations. Extending the toolkit to
exercise models' full multimodal and tool-use capabilities is left as
future work (see Ÿ7.2).

Select Metrics. [D7] Practitioners can select speci�c visualization
and natural response quality metrics, or traditional natural language
metrics (F1, Precision, Recall). Each metric has a tooltip with the def-
inition (see Ÿ5.2 for details).LLM-as-a-Judge Recommendation:
For metrics that require LLM-as-a-Judge,Lexara recommends one
by annotating the model in the drop-down with(recommended)
next to its name. This recommendation is made heuristically by
following best practices to reduce bias [98]: selecting the strongest
model outside the LLM families of models getting evaluated to re-
duce self-bias. The judge models are instructed to ignore style or
truncate or equalize answer length to avoid verbosity bias. Further-
more, to align the Judge with practitioners' evaluation criteria, we
apply few-shot learning by sharing examples of ratings distilled
from the formative study with end-users.
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Figure 2: Lexara 's interactive CVA evaluation interface supports two core work�ows: (1) an Evaluation Setup Panel where prac-
titioners upload datasources, de�ne test cases, specify prompts, models, expected outputs, and con�gure CVA-speci�c metrics;
and (2) an Interactive Results Table that streams model outputs�visualizations, structured specs, and natural language�side-
by-side. The table enables multi-granular inspection, with expandable metric categories, on-hover explanations, and tools to
trace divergences between expected and actual outputs.

Specify Test Cases.Practitioners can specify individual test cases
or contiguous ranges of test case IDs. Leaving this blank will execute
all test cases in the �le.

Specify Number of Runs. By default,Lexara executes three
replications per (model� system-prompt� judge) con�guration to
reduce run-to-run variance. Practitioners may adjust the number
of replications to 1�5: set1 for exploratory spot checks and up
to 5 for increased reliability during benchmarking. Practitioners
can examine the results from each run as they stream in to the
Evaluation Results table.

Pressing theEvaluatebutton initiates an evaluation experiment,
while the Stop button immediately terminates the ongoing evalua-
tion.

5.3.2 Interactive Test Cases Table.[D4-6] As evaluations run, the
table dynamically populates with multi-format responses, visual-
izations, natural language outputs, and JSON specs for each model
� prompt combination. Corresponding metrics for visualization
quality, language accuracy, and traditional Natural Language Gen-
eration (NLG) scores are computed in real time. To support focused
analysis, the table o�ers spreadsheet-like features: columns can be
�ltered, hidden, or frozen, enabling �exible, side-by-side compar-
isons.

Multi-format Response Cells (Figure 3) display each model's
response as an interactive Vega-Lite chart and accompanying natu-
ral language explanation. These are rendered using a custom engine
that transforms high-level JSON specs into Vega-Lite, allowing di-
rect visual comparison with expected outputs.

Hierarchical Metrics Drill-Down Cells (Figure 4) Each col-
umn represents a metric category: Visualization Response, Natural
Language Response, and Traditional NLG. A color-coded scale (red
= low, yellow = mid, blue = high) highlights performance at a glance.
The drill-down follows an overview + detail-on-demand pattern.
For example, the Visualization column initially shows an overall
quality score. Expanding reveals subcategories likeData, Semantics,
Functionality, andDesign, which further break down into granular
metrics (e.g.,Data Fidelity, Sort Accuracy, Visual Encodings). This
layered design supports rapid scanning with selective deep dives.
Interactive explanations enhance interpretability: hovering on a
score reveals the expected vs. actual output (e.g.,Sort: Expected
descending, Model: none). For LLM-as-a-Judge ratings, hover text
includes the model's justi�cation.

ClickingExamine Viz Grammar Di�erences (Figure 3 (Right))
opens a JSON spec di� viewer, enabling side-by-side comparison
of visualization grammars to trace structural discrepancies like
missing �lters or mismatched encodings.
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