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Abstract

Text-to-chart retrieval, enabling users to find
relevant charts via natural language queries, has
gained significant attention. However, evaluat-
ing models in real-world business intelligence
(BI) scenarios is challenging, as current bench-
marks fail to simulate realistic user queries or
test for deep semantic understanding with static
chart images. To address this evaluation gap,
we introduce CRBench, the first benchmark
for this task sourced from real-world BI appli-
cations, with 21,862 charts and 326 validated
text queries. Testing on CRBench reveals that
existing methods, which rely primarily on vi-
sual features, perform poorly and fail to capture
the rich analytical semantics of charts. To ad-
dress this performance bottleneck, we propose
a semantic insights synthesis pipeline that au-
tomatically generates three hierarchical levels
of insights for charts: visual patterns, statistical
properties, and practical applications. Using
this pipeline, we produced 207,498 semantic
insights for 69,166 charts as training data. By
leveraging this data to bridge the gap between
natural language query intent and latent visual
representations via multi-level semantic super-
vision, we develop ChartFinder, a specialized
model capable of deep cross-model reasoning.
Experimental results show ChartFinder signifi-
cantly outperforms state-of-the-art methods on
CRBench, achieving up to 66.9% NDCG@ 10
for precise queries (an 11.58% improvement)
and an average increase of 5% across nearly all
metrics for fuzzy queries. This work provides
the community with a much-needed benchmark
for realistic evaluation and demonstrates a pow-
erful data synthesis paradigm for enhancing a
model’s semantic understanding of charts.

1 Introduction

Visualization charts are crucial tools in data anal-
ysis and business decision-making, providing in-
tuitive ways for users to understand complex
data (Wu et al., 2024; Luo et al., 2018a; Shen et al.,

2022; Qin et al., 2020). Consequently, text-to-chart
retrieval systems that allow users to find relevant
charts based on natural language queries (i.e., text
queries) have become increasingly valuable, attract-
ing significant attention from both the database
community (Ji et al., 2024b,a; Luo et al., 2023)
and industry practitioners (Setlur et al., 2023). In
real-world BI scenarios, queries range from precise
queries targeting specific analytical information
(e.g., “Find charts showing hotel booking distribu-
tion in Europe for 2022”) to fuzzy queries for ex-
ploratory analysis (e.g., “Use a pie chart to compare
different sale methods™) (Ji et al., 2024a,b). Both
require a deep understanding of the rich analytical
semantics embedded in charts, such as data rela-
tionships and statistical trends (Qin et al., 2020).
This challenge is exacerbated when charts exist
only as static images without accessible metadata,
a common scenario where visual-based methods in-
herently struggle (Luo et al., 2023; Ji et al., 2024a;
Liet al., 2022a).

A core obstacle impeding progress in this field
is the lack of a dedicated benchmark for realistic
evaluation. Existing chart-related datasets are pri-
marily designed for tasks like captioning and fail to
simulate real-world retrieval challenges. They lack
concise, intent-driven queries and a large reposi-
tory of visually and semantically similar charts to
test a model’s true discriminative power. To ad-
dress this critical evaluation gap, we first curate
and introduce CRBench, the first benchmark for
text-to-chart retrieval sourced from real-world BI
scenarios. CRBench contains 326 text queries and
21,862 chart images, with all query-chart labels
verified by crowd workers to capture the diversity
of real user needs.

Benchmarking existing models, including
powerful Multimodal Large Language Models
(MLLMs) (Liu et al., 2022; Xiao et al., 2024b;
Zhou et al., 2024b; Zhang et al., 2024), on CR-
Bench reveals their significant limitations. These



models struggle to capture the deep analytical se-
mantics required to differentiate between challeng-
ing charts. To address this performance bottle-
neck, we argue that the key lies in providing higher-
quality training data that explicitly teaches models
to bridge the gap between visual features and their
analytical meaning. To this end, we propose our
second major contribution: an automatic semantic
insights synthesis pipeline. Inspired by automatic
data visualization (Luo et al., 2018a) and insight
generation methods (Ma et al., 2021), this pipeline
automatically synthesizes three hierarchical lev-
els of insights: (1) Visual-oriented, (2) Statistics-
oriented, and (3) Task-oriented.

To validate the challenge of our benchmark
and the effectiveness of our data pipeline, we use
our synthesized data to fine-tune several CLIP-
based models. We name the model resulting from
fine-tuning Long-CLIP (Zhang et al., 2025) as
ChartFinder. The core idea is to leverage the syn-
thesized insights exclusively during the training
stage to learn robust visual-semantic representa-
tions. During retrieval, the model relies solely on
chart images.

Contributions. We make the following contribu-
tions.

(1) CRBench Benchmark. We curate CRBench,
the first benchmark for evaluating text-to-chart re-
trieval sourced from real-world BI scenarios. 1t
includes 326 text queries and 21,862 charts, with
query-chart labels verified by crowd workers to
capture the diversity of real user needs (Section 3).

(2) A Semantic Insights Synthesis Pipeline for
Charts. We develop an automatic pipeline for
generating semantic insights from chart meta-
data, synthesizing three levels of semantic insights,
i.e., visual-oriented, statistics-oriented, and task-
oriented insights, as training data. This approach
addresses the challenge of manual annotation by
automating the process, enabling the creation of
diverse insights that enrich the model’s ability to
comprehensively understand charts (Section 4).

(3) A High-Performance Model Validating the
Pipeline. By fine-tuning the CLIP architecture
with our synthesized data, we produce ChartFinder.
It not only validates the effectiveness of our data
synthesis pipeline by establishing a new state-of-
the-art but also serves as a strong baseline for future
research on CRBench.

(4) Extensive Experiments. Extensive experi-
ments validate both the challenge of CRBench as a
benchmark and the effectiveness of our synthesis
pipeline. The results demonstrate that our synthe-
sized data significantly improves the performance
of multiple CLIP-based architectures across several
benchmarks, including in challenging zero-shot
scenarios (Section 5).

2 Related Work

Chart Retrieval. Chart retrieval aims to find simi-
lar charts from a repository using a chart as a query.
Existing methods follow two main paradigms:
perception-based and data-based. Perception-based
approaches analyze the chart image, using either
visual style and structure (Saleh et al., 2015; Hoque
and Agrawala, 2019), deep visual embeddings (Luo
et al., 2023), or hand-drawn sketches of trendlines
to find matches (Mannino and Abouzied, 2018). In
contrast, data-based approaches assume access to
the underlying data of the query chart and use it
to guide the retrieval process (Wang and Palpanas,
2021; Lekschas et al., 2020; Siddiqui et al., 2016).
Chart search has similarities with text-to-chart re-
trieval, particularly in terms of underlying semantic
complexity. However, our work fundamentally dif-
fers by addressing the additional challenge of align-
ing natural language queries with chart semantics,
especially when metadata is unavailable.

Text-to-Chart Retrieval. Previous work on text-
to-chart retrieval has largely followed two paths:
visualization recommendation systems that guide
user exploration (Vartak et al., 2017; Ye et al., 2024;
Qin et al., 2018b,a; Bendeck et al., 2024; Srinivasan
and Setlur, 2021) and natural language interfaces
that accept analytical queries (Shen et al., 2022;
Tang et al., 2022; Luo et al., 2018b, 2022b, 2021;
Setlur et al., 2023; Srinivasan and Setlur, 2023).
While significant progress has been made, these
methods often struggle to fully understand user in-
tent. We believe embedding queries and charts into
a shared latent space offers a more robust solution.
The development of Multimodal Large Language
Models (MLLMs) (Li et al., 2022b, 2023; Yuan
et al., 2021; Xiao et al., 2024a) and pre-trained
models like CLIP (Radford et al., 2021) has en-
abled text-to-chart retrieval to be treated as a cross-
modal task. Numerous variants have been devel-
oped to enhance CLIP’s performance, including
those with improved visual encoders like EVA-
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Figure 1: The construction workflow of the CRBench.

CLIP (Sun et al., 2023; Fang et al., 2024), better
text encoders like Jina-CLIP-v2 (Xiao et al., 2024b;
Koukounas et al., 2024; Sturua et al., 2024), or mod-
els improved through large-scale fine-tuning such
as UniVL-DR (Liu et al., 2022), MagicLens (Zhang
et al., 2024), VISTA (Zhou et al., 2024a), and
MARVEL (Zhou et al., 2024b). However, re-
search focusing MLLM-based methods specifically
on chart retrieval remains limited. This paper
addresses that gap by using contrastive learning
to inject deep semantic insights into our model,
ChartFinder.

3 CRBench Benchmark

In this section, we first discuss the motivation for
curating a new text-to-chart retrieval benchmark
(Section 3.1), followed by an introduction to the
benchmark curation process (Section 3.2). After
that, we introduce the key characteristics of the first
text-to-chart benchmark CRBench (Section 3.3).
Finally, we discuss the data quality and limitations
of CRBench.

3.1 Motivation and Design Consideration

To rigorously evaluate text-to-chart retrieval mod-
els, a specialized benchmark is required. However,
existing chart-related datasets are ill-suited for this
task. While chart-to-text datasets like VisText (Tang
et al., 2023) and Chart-to-Text (Kantharaj et al.,
2022) are valuable resources, they were fundamen-
tally designed for generation tasks, such as cap-
tioning, not retrieval. This creates several critical
limitations when they are repurposed for retrieval.

First, their “queries” are typically long, descrip-
tive captions, rather than the concise, intent-driven
natural language phrases in real-world BI systems.
Second, and more importantly, they often fea-
ture a one-to-one or one-to-two chart-to-text ratio.

This kind of ratio fails to simulate a realistic re-
trieval environment, where a single user query can
be matched against a massive repository contain-
ing thousands of visually and semantically similar
charts.

Consequently, a significant gap exists for a
benchmark that can evaluate a model’s perfor-
mance on realistic, intent-driven queries against
a large and challenging chart repository.

Design Consideration. To fill this gap, we aim
to propose a real-world dataset designed for text-
to-chart retrieval, enabling the fair comparison of
retrieval models across various use cases. Several
key factors were considered, as outlined below:

(1) Precise and Fuzzy Queries: As discussed in
Section 1, user queries in real-world applications
can be both precise (focused on specific details)
and fuzzy (more general). Our benchmark includes
both types of queries to reflect real-world user be-
havior and more accurately evaluate model perfor-
mance across varying query complexities.

(2) Distributional Separation: To ensure a fair
and rigorous evaluation of model generalization,
we maintain a strict separation between the data
sources of our training set and the benchmark it-
self. Therefore, while our training data is generated
from Kaggle datasets, the charts for CRBench are
sourced exclusively from different, real-world ap-
plications not used in training.

(3) Query Realism and Unambiguity: The bench-
mark must feature queries that reflect the full spec-
trum of real-world user behavior, including both
precise and fuzzy types. Crucially, to enable rig-
orous and reliable evaluation, each query must be
constructed to have a single, unambiguous ground-
truth chart, even in the presence of highly similar



distractors.

3.2 Benchmark Construction

The key challenge in constructing CRBench is en-
suring each query has a clear, unambiguous ground-
truth chart, particularly when evaluating retrieval
performance on visually similar charts. To system-
atically address this, we adopt a clearly defined
four-stage methodology, as illustrated in the Fig-
ure 1.

Step 1: Real-world Chart Collection. To ensure
CRBench reflects real-world chart retrieval sce-
narios, we collected charts from reliable sources
widely used in business intelligence and data anal-
ysis: (i) Tableau: A leading data visualization plat-
form for charting and business analytics (Tableau,
2003). (i1) Statista: A platform providing statistical
data across various sectors (statista, 2007). (iii)
Pew Research Center: A non-profit organization fo-
cusing on social science research (Research, 2004).
(iv) Our World in Data: An open-access platform
researching global challenges through charts on
topics like economics, health, and society (OWID,
2011). From these sources, we gathered 21,862
charts covering various domains, including finance,
business, e-commerce, technology, and more.

Step 2: Similarity-based Grouping. To construct a
challenging retrieval environment based on the
“target-and-distractor” paradigm, we first embed-
ded all charts into 768-dimensional vectors using a
pre-trained ViT and computed their pairwise cosine
similarities.

The grouping process was then performed as fol-
lows: we iterated through each chart and identified
its four most visually similar counterparts. A chal-
lenging group was formed only if the similarity
score between this initial chart and all four of its
counterparts was > 0.90. If this strict condition
was met, the initial chart that served as the anchor
for the group was designated as the target chart,
with the other four serving as distractors. Through
this systematic process, we ultimately generated
247 distinct groups, each containing one clearly
defined target and four highly similar distractors.

Step 3: Text Query Generation.

To generate high-quality and unambiguous
queries, we initiated the process with an ex-
ploratory crowdsourcing study on the Appen plat-
form. In this study, we presented crowdworkers
with the previously created groups of five visu-
ally similar charts (one target and four distractors).

Their task was to author a query for the target chart
that could uniquely distinguish it from the other
four.

However, we found that the quality of these
manually generated queries was often poor. Many
queries were either too general to be effective for
differentiation or were simply literal paraphrases
of the chart’s title. This outcome highlighted the
need for a more controlled and reliable generation
process.

Therefore, we transitioned to a controlled query-
generation methodology using GPT-40. Crucially,
the prompt designed for GPT-40 was informed by
the patterns and shortcomings observed in the ini-
tial human-generated queries from the first step.
The model was explicitly instructed to generate
precise and fuzzy queries aimed at distinguishing a
given target chart from its four distractors, thereby
overcoming the generality issues we had identified
and ensuring the queries were highly targeted.

This automated process is remarkably cost-
effective; generating queries for all 247 groups
incurred a total API cost of approximately $2.81,
utilizing roughly 1.09 million tokens.

Step 4: Human Consensus Validation. Finally, we
performed a stringent multi-worker validation to en-
sure each query was unambiguous. Each GPT-4o-
generated query, along with its corresponding five
similar charts (one target and four distractors), was
reviewed by nine independent crowdworkers. A
query was accepted into CRBench only if a strong
consensus of at least five out of the nine workers
was reached. Through this rigorous quality con-
trol, we ultimately retained 195 precise queries and
131 fuzzy queries, each validated to have a single,
unambiguous ground-truth chart.

3.3 CRBench Overview

In this section, we compare CRBench with two ex-
isting benchmarks, Chart-to-Text (Kantharaj et al.,
2022) and VisText (Tang et al., 2023), both of
which focus on chart-related tasks like caption gen-
eration and description. While these benchmarks
are useful for evaluating chart captioning and de-
scription generation, they do not address the text-
to-chart retrieval task. In our study, we repurpose
the captions in these benchmarks as queries for
retrieval tasks, enabling us to compare their effec-
tiveness with CRBench in retrieving relevant charts
based on text queries. Specifically, in VisText, each
chart is paired with two types of captions: L1 cap-



Table 1: Comparison of Existing Benchmarks. The statistics for Chart-to-Text and VisText are from the respective
test sets. The column “C/Q” indicates the ratio for charts (C) and text queries (Q). The column “Dist. of Query Len.”
Shows the distribution of lengths of text queries in characters. The column “C7” means the types of charts.
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tions (e.g., basic properties) and L2+L3 captions
(e.g., trends and statistics). This results in a chart-
to-query ratio of 1:2. In contrast, Chart-to-Text
pairs each chart with a single caption, resulting in a
1:1 ratio. In CRBench, however, the ratio is much
higher (67:1), meaning the number of charts sig-
nificantly exceeds the number of queries, which is
more representative of real-world scenarios where
charts vastly outnumber queries.

Table 1 shows the distribution of query lengths in
each benchmark. In VisText, the query lengths for
L1 and L2+L3 captions typically range from 100
to 400 characters. Chart-to-Text features a wider
range of query lengths, with some queries reaching
up to 2400 characters. CRBench, however, fea-
tures more concise queries, with both 195 precise
and 131 fuzzy queries generally ranging from 0
to 100 characters, better reflecting how queries are
typically structured in real-world applications.

Moreover, we compared examples of similar
charts across the benchmarks. In VisText, simi-
lar charts show strong visual resemblance but often
differ significantly in semantic content. In Chart-
to-Text, charts deemed similar tend to align well
semantically but differ visually. On the other hand,
CRBench ensures that similar charts are closely
aligned both visually and semantically, posing a sig-
nificant challenge for models to retrieve the ground
truth. Overall, CRBench presents a more challeng-
ing and realistic benchmark for evaluating text-to-
chart retrieval models.

3.4 Data Quality and Limitations

While crowdsourcing was used to generate queries,
we addressed quality issues through a second round

of crowdsourcing and GPT-4o. This process helped
ensure the relevance and clarity of the queries, re-
sulting in a high-quality set of precise and fuzzy
queries.

Despite careful curation, crowdsourcing variabil-
ity and the evolving landscape of data visualiza-
tions may require periodic updates to CRBench to
maintain its relevance and accuracy.

4 Semantic Insights Synthesis Pipeline

As we mentioned in the Introduction, we need
high-quality caption data for model training to re-
trieve correct charts. However, manually annotat-
ing charts to generate semantic insights is time-
consuming and inefficient. To address this, we
propose a training data development pipeline that
automatically synthesizes semantic insights from
raw data, ensuring the data’s effectiveness in sup-
porting the training of text-to-chart retrieval models.
Figure 2 shows our proposed pipeline, which con-
sists of three key steps: data collection, automatic
data visualization, and semantic insights generation
based on the metadata (Figure 2: @-@).

4.1 Data Collection and Visualization

Step-1: Data Collection. The first step in gener-
ating high-quality semantic insights is selecting a
reliable source of datasets. To meet the above crite-
ria, we select datasets from Kaggle, which offers
several advantages: first, almost all the datasets are
derived from real-world applications or competi-
tions. Second, Kaggle provides a scoring system
for datasets, with those receiving a score of 10 typi-
cally offering comprehensive content and high data
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Figure 2: An overview of the semantic insights synthesis pipeline.

quality.

We crawled 9,003 datasets with a score of 10
from Kaggle and performed local preprocessing,
including removing missing values. After clean-
ing, we retained 8,860 high-quality tables (in CSV
format), completing the data preparation for subse-
quent steps.

Step-2: Automatic Data Visualization. Next, we
used DeepEye (Luo et al., 2018a), an automatic
data visualization system, to generate a variety of
charts, including bar charts, pie charts, line charts,
scatter plots, grouped line charts, stacked bar charts,
and grouped bar charts, covering widely-used chart
types (Luo et al., 2022a). In our implementation,
DeepEye generated 69,166 charts based on the
8,860 tables. For each visualization, we also de-
rived its chart metadata in JSON format, which
includes details like axis labels, chart titles, and
data points. To enhance the visual diversity of the
charts, we re-rendered them by randomly using a
visualization libraries from Matplotlib, Plotly, and
Vega-Lite (see Figure 2: @).

We further enhance the visual diversity of gener-
ated charts by systematically randomizing various
visual parameters. For example, adjusting line type,
marker shape, or switching between sub-types such
as pie and donut charts. We also store the meta-
data produced by DeepEye (Luo et al., 2018a) in
the source code of the visualization, as shown in
Figure 2. This metadata is essential for deriving
semantic insights in Step 3. In total, we generated
69,166 charts using Matplotlib, Plotly, or Vega-
Lite, along with their corresponding metadata.

4.2 Semantic Insights Synthesis

The third step is to generate detailed chart semantic
insights based on the metadata of the charts. To
comprehensively interpret the charts, we design
three levels of semantic insights: (/) The apparent
visual patterns observed in the chart. (2) Data-
driven statistical insights that uncover trends, com-
parisons, and relationships. (3) Task-oriented in-
sights that provide context on how the chart can be
applied in real-world scenarios for decision-making
and resource allocation. This layered approach
allows for a holistic interpretation of each chart,
supporting diverse user queries and enhancing the
retrieval process. As illustrated in Figure 2 (@-©),
the semantic insights I are generated through the
following steps:

Visual-oriented Insight Generation (Figure 2-0).
In this step, we generate visual-oriented insights
by analyzing the chart’s visual patterns and trends.
This insight summarizes the chart’s overall visual
presentation, such as identifying significant trends,
distributions, and patterns in the data.

Task-oriented Insight Generation (Figure 2-©).
Next, we use both the metadata and the visual in-
sights to derive task-oriented insights. This step
contextualizes the chart for practical applications,
helping users understand how the chart can be used
in real-world scenarios.

Statistics-oriented Insight Generation (Figure 2-
®). First, we apply a set of 10 statistical analysis
tasks (Wu et al., 2024) on the chart’s metadata (e.g.,
the X/Y-axes), as shown in Figure 2-@. These
tasks help identify statistical properties such as
trends, correlations, and anomalies within the data.
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Readability

In the second step of our pipeline, we generate
statistics-oriented insights by summarizing this sta-
tistical information.

This provides a deeper understanding of the data
patterns and their significance.

After all the processes, we got a total of 69,166
charts and corresponding 207,498 semantic in-
sights.

4.3 The Quality of Semantic Insights

To verify the quality of the semantic insights gen-
erated, we conducted a crowdsourcing experiment.
We randomly selected 50 semantic insights and
invited 100 crowdworkers to rate them on four
dimensions: Completeness, Consistency, Diver-
sity, and Readability, using a 5-point scale (from
“strongly disagree" to “strongly agree"). As shown
in Figure 3, the evaluation results are very positive.
The total number of positive ratings of “agree" and
“strongly agree" exceeded 74% in all four dimen-
sions, especially readability, which received more
than 80% approval. This result fully confirms the
high quality of our synthesized insights. These
high-quality data are the cornerstone of our subse-
quent training of text-graph retrieval models. The
good generalization ability of the model in other
benchmarks also further verifies the effectiveness
of our data generation pipeline.

5 Experiments

In this section, we conduct a set of experiments to
evaluate whether the synthesized semantic insights
can enhance text-to-chart retrieval performance
across multiple benchmarks and settings. We also
assess whether the ChartFinder model achieves
state-of-the-art performance against all baselines.
The following experiments are performed:

Exp-1: How does the overall performance of
ChartFinder compare with other baselines on CR-
Bench?

Exp-2: How does ChartFinder perform when the
text query becomes a long caption?

Exp-3: Ablation study on the combination of syn-
thesized semantic insights.

Exp-4: The generalizability of synthesized seman-
tic insights.

Exp-5: The impact of center crop strategy on text-
to-chart retrieval. In the main body of the paper, we
will focus on the detailed analysis of Exp-1. Due
to page limitations, the comprehensive results and
discussions for Exp-2 through Exp-5 are provided
in the Appendix A.

Metrics. To evaluate the effectiveness of the model
in text-to-chart retrieval, we use the following met-
rics: Recall@1, Recall@5, Recall@ 10, MRR @10,
and NDCG@10. These metrics are widely adopted
in information retrieval tasks (Qin et al., 2020)

Methods. We evaluate 10 methods in our ex-
periments: (1) VISTA (Zhou et al., 2024a), (2)
Univl-dr (Liu et al., 2022), (3) MARVEL (Zhou
et al., 2024b), (4) CLIP (Radford et al., 2021), (5)
CLIP-DPR (Liu et al., 2022), (6) EVA-CLIP (Sun
et al., 2023), (7) CoCa (Cherti et al., 2023), (8)
Jina-CLIP-v2 (Koukounas et al., 2024), (9) Long-
CLIP (Zhang et al., 2025) (with Long-CLIP-B for
the Base version and Long-CLIP-L for the Large
version, which differ by the size of the vision en-
coder used). (10) Our Method: ChartFinder and
ChartFinder-B: Both versions use the same Long-
CLIP text encoder but differ in their visual en-
coder. ChartFinder uses the larger ViT-L/14, while
ChartFinder-B uses the smaller ViT-B/16. In all
experiments, we changed the image preprocessing
operation from center crop to direct resize, because
we found that cropping would crop important in-
formation such as the title of the image.

Training Details. We trained ChartFinder using
4 A800 GPUs with a learning rate of 1e — 6 for
20 epochs. For the base version of the model, we
set the batch size to 512, while for the larger ver-
sion, we reduced the batch size to 256 due to the
increased memory usage associated with the larger
model.

5.1 Exp-1: Overall Results on CRBench

Experiment Settings. The purpose of this experi-
ment is to evaluate and compare the performance of
different models in precise and fuzzy query tasks.
Overall Results.Experimental results are shown
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Table 2: Performance Comparison of Text-to-Chart Retrieval Models on CRBench Benchmark.

Models #Param ‘ Precise Query ‘ Fuzzy Query
‘ R@1 R@5 R@10 MRR@10 NDCG@10 ‘ R@l R@5 R@10 MRR@10 NDCG@10

VISTA (Zhou et al., 2024a) 196M 8.21 20.00 27.18 13.15 16.42 9.16 19.08 24.43 13.16 15.8
Univl-DR (Liu et al., 2022) 151M 410 12.82 1538 7.84 9.65 382 10.69 14.50 6.90 8.70
MARVEL (Zhou et al., 2024b) 310M 1.54 513  7.69 3.08 4.63 0.00 076 153 0.46 2.23
CLIP (Radford et al., 2021) 151M 1231 26.15 3333 19.01 22.43 10.69 21.37 2595 15.69 18.15
CLIP-DPR (Liu et al., 2022) 151M 9.74 1846 23.59 13.60 15.95 534 1374 16.79 8.51 10.48
EVA-CLIP (Sun et al., 2023) 149M 5.13 1949 24.10 11.08 14.21 3.05 992 13.74 6.40 8.14
CoCa (Cherti et al., 2023) 151M 872 2154 251 14.11 16.76 3.05 840 992 5.19 6.33
Jina-CLIP-v2 (Koukounas et al., 2024)  865M 410 1692 2513 10.01 13.58 3.05 10.69 14.50 5.84 7.87
Long-CLIP-B (Zhang et al., 2025) 149M 26.67 53.85 62.56 37.99 43.90 2290 4046 5191 30.29 35.33
ChartFinder-B 149M 3897 6205 70.26 49.30 61.30 29.77 50.38 61.83 38.96 44.41
Long-CLIP-L (Zhang et al., 2025) 427TM 41.03 7590 79.49 55.32 55.32 3893 67.18 7481 50.99 56.77
ChartFinder 427T™M 47.18 80.00 84.10 61.23 66.90 41.98 7557 80.15 55.31 61.40

in Table 2. We can observe that ChartFinder and
ChartFinder-B perform best in both query tasks,
and multiple metrics are ahead of other methods by
more than 5% or even 10%. For example, in the
precise query task, ChartFinder’s R@1, R@5, and
R@10 are 47.18%, 80.00%, and 84.10%, respec-
tively, significantly higher than the second-place
Long-CLIP-L’s 41.03%, 75.90%, and 79.49%. In
the fuzzy query task, ChartFinder also surpasses
Long-CLIP-L, with R@1, R@5, and R@10 be-
ing 3.05%, 8.39%, and 5.34% higher, respectively.
In comparison, although Jina-CLIP-v2 (865M)
has the largest number of parameters, it performs
poorly in both types of tasks. The R@1 in the pre-
cise query task is only 4.10%, and the R@1 in the
fuzzy query task is also only 3.05%.

6 Limitations

Dependence and Scope of Semantic Insight Gen-
eration. The insight generation process utilizes
a LLM(LLaMA-3.1), meaning the quality of the
output is subject to the model’s inherent knowledge
and potential biases. Although the study validated a
small sample of insights via crowdsourcing, it can-
not guarantee that all 207,498 synthesized insights
are entirely free of errors or misinterpretations.

Limitations of the CRBench Benchmark Con-
struction. The queries in CRBench were gener-
ated by GPT-40, not from organic user query logs.
While this approach was designed to simulate real-
istic precise and fuzzy queries and was validated
through a rigorous crowdsourcing process, these
synthetic queries may not fully capture the diver-
sity, ambiguity, and unforeseen intents of genuine
user behavior.

Model Architecture and Application Scenario
Constraints. The core architecture of ChartFinder
is based on CLIP. Although the training strategy
is innovative, its fundamental performance is still
bound by the inherent capabilities and limitations
of the underlying vision-language models.

Generalizability of Data Sources . The datasets
used for generating the training data were sourced
exclusively from Kaggle. While these are high-
quality and derived from real-world applications,
they may not fully represent the entire spectrum of
data types and structures found within private, en-
terprise Business Intelligence (BI) systems, which
can be more domain-specific or messy.
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A Complete Experiments

A.1 Exp-2: ChartFinder in the Zero-Shot

Setting
To evaluate the generalization ability of
ChartFinder, we conducted zero-shot exper-

iments on two external public benchmarks,
VisText (Tang et al., 2023) and Chart-to-Text (Kan-
tharaj et al., 2022). In this setting, we directly
applied the model trained on our synthetic data
to these new tasks without any fine-tuning to
test the transferability of its learned semantic
understanding ability.

A.1.1 Experiments on VisText Benchmark.

We use the test set of VisText (Tang et al., 2023),
comprising 882 charts with each chart correspond-
ing to two captions mentioned in Section 3.3, to
conduct this group of experiments. We take the
two-level caption as the query, and the annotated
chart as the retrieval target to perform text-to-chart
retrieval tasks.

Overall Results. As shown in Table 3, ChartFinder
performs best in all metricss in L1 caption, signif-
icantly ahead of other models. For example, Re-
call@1 reaches 96.15%, far exceeding other mod-
els. Recall@10 reaches 99.66%, close to a full
match. MRR@10 and NDCG@10 are 96.90%
and 97.44%, respectively, further verifying their
advantage in ranking quality. ChartFinder-B still
achieves excellent performance with fewer param-
eters. Recall@1 reaches 93.20%, which is com-
parable to Long-CLIP-L and about 3 percentage
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points higher than Long-CLIP-B. On Recall@10,
ChartFinder-B reaches 98.85%, surpassing all mod-
els with similar parameter scales. L2+L.3 captions
are more inclined to detailed analytical descriptions.
Thus, the retrieval difficulty is significantly higher
than the L1 task, and the overall metrics have de-
clined. ChartFinder still leads in this task with
R@1 reaching 67.80%, R@10 reaching 89.12%,
MRR @10 and NDCG@10 reaching 75.20% and
78.78%, respectively.

A.1.2 Experiments on Chart-to-Text
Benchmark

We use the Chart-to-Text dataset (Kantharaj et al.,
2022) to conduct this experiment. Specifically, this
dataset has 1,393 text and chart pairs in the test set.
We use the same metrics as other experiments.

Overall Results. As shown in Table 5, ChartFinder
outperforms other models in all metrics. For exam-
ple, Recall@1 reaches 97.06%, 2.09% higher than
the second-best model (Long-CLIP-L, 94.97%).
Recall@10 reaches 99.86%, almost close to the
full score, showing the excellent performance of
the model in the top-k retrieval task. MRR@10
and NDCG@10 are 98.41% and 98.80%, respec-
tively, further verifying the effectiveness of Liter in
ranking quality. ChartFinder-B also demonstrates
obvious performance, surpassing Long-CLIP-B in
all metrics, especially in Recall@1 (94.90% vs.
90.81%) and NDCG@10 (97.53% vs. 95.35%).

Finding 1: When we use long captions as the
query, the accuracy of all models is improved
compared to CRBench. This also shows that in
real BI scenarios, retrieval is more difficult when
the query is shorter and more brief.

Although the Chart-to-Text dataset can effec-
tively test the performance of the model in clear
semantic scenarios, its task design also has certain
limitations. For example, the same pictures exist in
the dataset, which narrows the search scope. Most
of the queries in Chart-to-Text are descriptive sen-
tences generated based on charts. There is a lack
of user intent-driven queries, which is not enough
to fully evaluate the generalization and upper-limit
capabilities of the model. In contrast, the queries
in CRBench are more complex and closer to actual
applications, which can better test the performance
of the model in real retrieval scenarios.




Table 3: Performance Comparison of Text-to-Chart Retrieval Models on VisText Benchmark.

M | L1 Caption | L2+L3 Caption
odels
‘ R@5 R@10 MRR@10 NDCG@10 ‘ R@5 R@10 MRR@10 NDCG@10

VISTA 87.76  89.80 79.85 82.27 63.95 70.86 37.61 41.80
Univl-DR 81.75  86.62 71.57 75.22 52.83  60.77 42.61 46.93
MARVEL 66.55 72.79 55.61 59.73 39.80 48.64 31.25 35.37
CLIP 89.46 92.74 83.05 85.41 68.25 74.83 56.81 61.14
CLIP-DPR 88.10  90.93 80.59 83.14 64.74  72.11 53.51 57.97
EVA-CLIP 87.07  89.68 78.50 81.26 4943  57.26 39.39 43.64
CoCa 84.35 87.87 79.69 81.65 58.96 66.44 50.54 54.30
Jina-CLIP-v2 9093 94.67 84.85 87.23 7449  80.50 62.72 67.01
Long-CLIP-B 9478  95.35 81.88 83.50 78.12 83.45 67.99 71.73
ChartFinder-B | 97.85 98.75 95.17 96.05 7948  84.01 69.64 73.11
Long-CLIP-L 98.07  99.09 95.21 96.15 82.99  88.66 73.43 77.09
ChartFinder 99.43  99.66 96.90 97.44 84.58 89.12 75.20 78.78

Table 4: The Effectiveness of ChartFinder on CRBench by Incorporating Different Semantic Insights.

Task-o ‘

Precise Query

‘ Fuzzy Query ‘ Overall

Visual-o  Statistics-o
\ R@10 MRR@10 NDCG@10 \ R@10 MRR@10 NDCG@10 \
62.56 37.99 43.90 51.91 30.29 35.33 43.66
v 69.64 44.39 48.69 56.28 27.27 34.29 46.67
v 66.15 45.18 50.18 57.25 32.75 38.60 48.35
v 65.64 44.44 49.52 58.78 32.24 38.59 48.20
v e 71.79 44.96 51.40 60.31 35.24 41.17 50.81
v v 66.15 43.26 48.74 54.96 32.20 37.66 47.16
v v 65.64 43.53 48.87 54.96 30.44 36.23 46.61
v v 70.26 49.30 61.30 61.83 38.96 44.41 54.34

Table 5: Experimental Results on Chart-to-Text Bench-
mark.

Models |R@5 R@10 MRR@10 NDCG@10
VISTA 68.46 73.20  58.94 62.39
Univl-DR 6791 73.08  57.60 61.35
MARVEL 38.19 46.30  28.97 33.08
CLIP 88.16 92.03  80.25 83.11
CLIP-DPR 82.56 85.86  73.09 76.21
EVA-CLIP 83.42 87.80 74.73 77.90
CoCa 83.92 87.65 7449 77.92
Jina-CLIP-v2 |83.78 88.23  73.51 77.08
Long-CLIP-B |98.28 98.85  94.18 95.35
ChartFinder-B [99.07 99.43  96.89 97.53
Long-CLIP-L [99.35 99.78  97.06 97.75
ChartFinder [99.86 99.86 98.41 98.80

A.2 Exp-3: Ablation Study on the
Combination of Synthesized Semantic
Insights

Experiment Settings. To verify the necessity and
synergy of the three semantic insights we proposed,
we designed a series of ablation experiments. We
used ChartFinder-B as the base model and arranged
and combined the three semantic insights to obtain
a total of 7 training configurations (including the
initial model). Table 4 shows the performance of
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each configuration in the two scenarios of precise
query and fuzzy query, and the evaluation indica-
tors include R@10, MRR@10, and NDCG@10.

Overall Results. The ablation study in Table 4 re-
veals several key insights. First, adding any single
type of semantic insight significantly improves per-
formance over the baseline, with statistics-oriented
insights providing the largest individual boost
(from 43.66 to 48.35). Second, combining two
types of insights generally yields further improve-
ment, with the visual-task combination being the
most effective pair (50.81). However, the greatest
performance leap occurs when all three insights are
used together, achieving the top overall score of
54.34.

The experiments demonstrate that visual-
oriented insights primarily assist in capturing gen-
eral visual patterns, while statistics-oriented in-
sights enhance the model’s analytical sensitivity
to underlying data trends. Task-oriented insights
further contextualize these representations, signif-
icantly improving retrieval precision in complex
scenarios. Therefore, the optimal performance
achieved by combining all three insights highlights
their complementary nature and synergistic effects.



This suggests that while each insight is valuable,
they form a complete information processing chain
from visual perception (visual-oriented) to data-
driven analysis (statistics-oriented) and finally to
practical application (task-oriented). The full com-
bination provides a holistic semantic context that
allows the model to learn the most effective rep-
resentations, demonstrating a powerful synergistic
effect that surpasses any partial combination.

In summary, the experimental results strongly
support our hypothesis: efficient chart-to-text re-
trieval models need to comprehensively utilize
multi-dimensional semantic insights rather than
simply superimposing features.

Finding 2: The three semantic insights are not
merely additive but synergistic, with the complete
set being crucial for optimal performance.

A.3 Exp-4: The Generalizability of
Synthesized Semantic Insights

Experiment Settings. To verify the versatility
of the three designed semantic insights, we apply
them to train different types of CLIP-based models
to observe their impact on model performance. In
this experiment, we select CLIP-DPR and UniVL-
DR as base models and compare them with fine-
tuned versions (FT-CLIP-DPR and FT-UniVL-DR)
that incorporate semantic insights. All models are
evaluated on the CRBench dataset, using two test
scenarios: exact query and fuzzy query. Evaluation
metrics include R@10 and MRR@10.

Overall Results. As shown in Table 6, the intro-
duction of semantic insights has brought signifi-
cant performance improvements to different mod-
els. For the CLIP-DPR, in the precise query sce-
nario, R@10 and MRR @10 increased by 4.62 and
4.18 percentage points, respectively; in the fuzzy
query scenario, the improvement was more signif-
icant, with R@10 increasing by 8.39 percentage
points. The UniVL-DR achieved greater perfor-
mance gains after the introduction of semantic in-
sights, especially in the fuzzy query scenario, with
R@10 increasing by 10.69 percentage points and
MRR @10 increasing by 8.82 percentage points.
This result fully proves that the semantic insights
we designed have good versatility and can effec-
tively enhance the performance of retrieval mod-
els with different architectures, especially showing
stronger robustness when processing fuzzy queries.
This further verifies the universal value of multi-
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dimensional semantic insights for chart retrieval
tasks.

Finding 4: We found that fine-tuning other mod-
els using semantic insights can also significantly
improve their retrieval capabilities, proving the
generalizability of the three semantic insights.

A.4 Exp-5: The Impact of Center Crop
Strategy

Experiment Settings. We mentioned in Section 5
Training Details that for the text-to-chart retrieval
task, we replaced the traditional center crop pre-
processing method in the CLIP-based models with
a direct resize strategy. To verify the necessity of
this modification, we selected Long-CLIP-B and
Long-CLIP-L as the base models and conducted
comparative tests on the urbanlk and Chart-to-Text
datasets, respectively. Urbanlk (Zhang et al., 2025)
is a retrieval dataset containing natural images of
urban scenes, which contains a variety of urban
buildings, streets, and landscapes, representing a
typical natural image retrieval task.

Overall Results. The results in Table ?? show
that the preprocessing strategies have very differ-
ent effects on different retrieval tasks. On the
Urbanlk dataset, direct resize caused a slight de-
crease in model performance, with Long-CLIP-B
and Long-CLIP-L decreasing by 0.9 and 1.5 per-
centage points on average, respectively. However,
on the Chart-to-Text dataset, the same strategy
brought significant improvements, with the two
models gaining approximately 12.3 and 13.1 per-
centage points in performance, respectively. This
shows that in chart retrieval tasks, retaining the
complete structure of the chart (including edge axis
labels, legends, etc.) is more important than main-
taining precise proportions, proving that our adjust-
ments to chart-specific preprocessing strategies are
necessary and effective.

Finding 5: In natural images, a lot of important
semantic information is often in the center of the
image, so the center crop processing allows the
model to pay more attention to the query target.
However, in the chart, important information such
as the title, x-axis, and y-axis names are all around
the chart, which makes it easy for the center crop

to cut out important information.




Table 6: Experiment results on Text-to-chart retrieval task.

Models | Precise Query | Fuzzy Query
‘ R@]l R@5 R@10 MRR@10 NDCG@I10 ‘ R@]1 R@5 R@10 MRR@10 NDCG@I10
CLIP-DPR 4.10 15.38  20.00 8.90 11.55 5.34 7.63 10.69 6.60 7.54
FT-CLIP-DPR 8.21 19.49 24.62 13.08 15.80 7.63 1450  19.08 10.97 12.88
AL MLl 1462 14.18 14.25 1229 1687 1839 14.37 15.34
UniVL-DR 3.08 11.79 17.44 6.59 9.13 5.34 6.87 9.92 6.26 7.11
FT-UniVL-DR 8.21 1795 26.15 13.25 16.29 12.21 1832  20.61 15.08 16.42
15.13 16.16 18.71 16.66 17.16 16.87 111.45 110.69 18.82 19.31
Long-CLIP-B 26.67 53.85 62.56 37.99 43.90 2290 4046 5191 30.29 35.33
ChartFinder-B | 38.97 62.05 70.26 49.30 61.30 29.77 5038 61.83 38.96 44.41
11230 1820  17.70 1131 117.40 16.87 1992 19.92 18.67 19.08
Long-CLIP-L 41.03 7590 79.49 55.32 55.32 3893 67.18 7481 50.99 56.77
ChartFinder 47.18 80.00 84.10 61.23 66.90 4198 7557 80.15 55.31 61.40
1615 1410 1461 15.91 111.58 13.05 1839 1534 14.32 14.63

Table 7: Ablation Study on Center Crop. W/ direct
resize means we directly resize the image to the required
size instead of cropping the chart to the target size.

Models \R@IO MRR@5 MRR@10 NDCG@10
Urbanlk

Long-CLIP-B | 94.1 97.4 85.8 88.6

w/ direct resize| 93.2 96.1 85.1 87.8
10.9 1.3 10.7 10.8

Long-CLIP-L | 96.7 98.2 90.7 92.6

w/ direct resize| 95.1 97.5 88.9 90.9
11.6 10.7 11.8 1.5

Chart-to-Text

Long-CLIP-B | 87.29 90.38 79.87 82.44

w/ direct resize| 98.28  98.85 94.18 95.35
110.99 18.47 114.31 11291

Long-CLIP-L | 88.51 91.03 81.20 83.61

w/ direct resize | 99.35  99.78 97.06 97.75
110.84 18.75 115.86 114.14

A.5 Exp6: Comparison to Text-to-OCR

Experiment Settings: In this experiment, we first
utilize PaddleOCR to extract text content from all
chart images within the benchmark. We then main-
tain the original user queries as the retrieval input,
while the extracted OCR text serves as the target
metadata for each chart. For the implementation
of the Text-to-OCR (T20) paradigm, we directly
employ the text encoder of each compared model
to encode both the queries and the OCR-derived
text, performing retrieval via similarity matching
of the resulting embeddings.

Overall Results: Table 8 summarizes the perfor-
mance of various models under both T20 and Text-
to-Chart (T2C) paradigms. The results indicate
that for smaller-scale models, T20 performs bet-
ter in Precise Queries (32.79% R@1) compared to
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T2C (12.31% R@1), yet its performance in Fuzzy
Query settings is remarkably poor (9.72% R@1).
As the model parameter scale increases, T2C re-
trieval demonstrates a significant growth trend, gen-
erally surpassing the T2O approach across most
overall metrics. Notably, our ChartFinder model
achieves the best performance across all tasks and
metrics.

Finding 6: For encoders with smaller parame-
ter scales, the T20 paradigm is more effective
at processing explicit information by leveraging
literal text-matching, as these models have not
yet established robust visual perception capabili-
ties. However, as encoder capacity grows, models
become more proficient at capturing visual in-
formation such as layout, structure, and trends.
In these cases, the cross-modal T2C approach
demonstrates superior semantic alignment, over-
taking pure text retrieval. This confirms that with
sufficient capacity, latent visual representations
can capture deep analytical insights that remain
inaccessible through literal OCR extraction.

Finding 7: Experimental data indicates that ana-
lytical intents, such as trend variations and pro-
portional distributions, are typically implicit in
the chart’s overall visual layout and cannot be re-
constructed from fragmented OCR tokens alone.
Consequently, the T20 paradigm cannot satisfy
complex retrieval needs. In contrast, cross-modal
retrieval is essential for building a semantic bridge
between high-level query intent and visual logic,
enabling reliable retrieval in fuzzy-intent scenar-
i0s.




Table 8: Performance Comparison of Text-to-Chart Retrieval v.s. Text-to-OCR Retrieval on CRBench Benchmark.

Models ‘ Precise Query ‘ Fuzzy Query
‘ R@l R@5 R@l10 MRR@10 NDCG@10 ‘ R@l R@5 R@l10 MRR@10 NDCG@10
Text-to-OCR
CLIP 3279 57.49 6599 43.27 48.74 9.72 30.36 38.46 18.31 23.12
LongCLIP-B 26.72 57.89 66.80 39.59 46.14 1538 4332 57.09 27.70 34.67
LongCLIP-L 23.89 50.20 62.35 35.51 4191 13.77 4494 57.49 26.37 33.76
Text-to-Chart
CLIP 12.31 26.15 3333 19.01 22.43 10.69 2137 2595 15.69 18.15
Long-CLIP-B (Zhang et al., 2025) | 26.67 53.85 62.56 37.99 43.90 2290 4046 5191 30.29 35.33
Long-CLIP-L (Zhang et al., 2025) | 41.03 75.90 79.49 55.32 55.32 38.93 67.18 74.81 50.99 56.77
ChartFinder ‘ 47.18 80.00 84.10 61.23 66.90 4198 75.57 80.15 55.31 61.40
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Figure 5: Case study on Top-1 Text-to-Chart Retrieval Results of the ChartFinder and CLIP.

B Case Study

Figure 5 compares the top-1 retrieval performance
of our model and CLIP on CRBench. In Query
#1, ChartFinder successfully retrieves a chart that
includes both urban and rural population, while
CLIP retrieves a chart focusing only on urban pop-
ulation, failing to meet the query requirements. In
Query #2, ChartFinder correctly aligns with the se-
mantic meaning of booking distribution, retrieving
a pie chart about hotel booking channels. In con-
trast, CLIP retrieves a chart about optimizing distri-
bution channels, which does not match the query’s
focus. In Query #3, ChartFinder captures the key-
word change and retrieves a chart showing trends
in alcohol consumption. In contrast, CLIP retrieves
a chart ranking alcohol consumption, ignoring the
notion of change. In Query #4, ChartFinder identi-
fies distribution and retrieves a stacked area chart
illustrating income distribution. In contrast, CLIP
retrieves a chart focusing on income growth trends,
failing to address the distribution aspect.

(2) For precise query #1, ChartFinder success-
fully retrieves the charts that accurately match the
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query by capturing the keywords and filter condi-
tions urban and rural population correctly. How-
ever, the chart CLIP retrieved only reflects the ur-
ban population, failing to meet the retrieval require-
ments of the rural population.

(72) For precise query #2, our model aligns the
semantic information about the hotel booking chan-
nels described by the pie chart with the booking
distribution in the query. In contrast, although the
retrieved chart of the CLIP is also about hotel in-
formation, the description is not about the different
ways to book hotels, but the optimization of hotel
distribution channels.

(221) For fuzzy query #3, our model successfully
captures the keyword change and retrieves a chart
that clearly shows the trend in alcohol consumption.
By contrast, although the chart retrieved by CLIP
is also related to alcohol consumption, its content
only focuses on the absolute ranking of alcohol
consumption (“Who’s the Booziest”), completely
ignoring the core element of change.

(iv) For fuzzy query #4, distribution in red refers
directly to the concept of data distribution. Our
model successfully retrieves a stack area chart



showing the distribution of income levels. How-
ever, the chart retrieved by CLIP is biased toward
the trend of household income growth, although
this graph is related to income and does not reflect
the analytical information on income level distribu-

- Pie/stacked charts: distribution analysis or
< proportion comparison

- Scatter plots: correlation or pattern analysis

\textbf{Example: " ~annual economic growth comparison

tion.

Through the four cases above, we can see the
effectiveness of our model when matching both
precise queries and fuzzy queries with their target

charts.

C Prompt

C.1 Query Generation Prompts for GPT-40

Query Generation Prompt for GPT-40

You are a user searching for visualizations in a

< database. You will see 5 visualizations, but you
< should ONLY focus on the FIRST image when

< generating queries.

The other four images are very similar to the first

< one, make sure your queries CAN NOT match any of
< the other four images.

Generate two meaningful queries (10-15 words each):

\textbf{\textit{1. Precise Query}}
Generate a query about specific content in the FIRST
< visualization that includes:

- Meaningful combination of axis labels/categories

- Important data values or time ranges

- Key categories or measurements

- If the image contains time, you should include the
time range in the query because it is important
for the user to search for the specific time

range and distinguish it from other similar
visualizations.

rerd

- When covering the time range, do not directly use
the initial time range in the chart. For example,
if the initial time range in the x-axis is
2012-2019, you can use 2014 - 2018 or 2013 - 2016.
Make sure the time range in your query is
included in the initial time range.

rreeg

- You don't need to cover a very specific time range,
< 1like specific months or days, unless you need this
< to distinguish from other similar visualizations.

- Do not use a comma in your query.

- Do not directly use the initial text in the image
< as the query; always find similar words or

< phrases to describe the content of the image. For
< example, if the title contains "weekly”, you

< should use every 7 days in the query.

\textbf{Example: " ~global temperature change
< 1990-2020 in the United States'' (good, time and
< location are included)}

\textbf{Bad example: ~~global temperature change''
< (bad, no time and location to distinguish from
< other similar visualizations).}
\textbf{\textit{2. Fuzzy Query}}

Generate a query about the visualization purpose that
< includes:

- Line charts: trend analysis or comparison over time

- Bar charts: value comparison or ranking purposes
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< between countries'' (enough information to
— distinguish from other similar visualizations)}

\textbf{Bad example:
< information)}

“~growth comparison''(too little

Format your response as:\\

\{\
““Precise query'': “710-15 word query about
«s content'',
““Fuzzy query'': “710-15 word query about
< purpose'’

N

Remember :

- ONLY consider the FIRST image
- Include relevant context
- Be specific and meaningful

- Articles (a, an, the) and prepositions count as
< words

C.2 Semantic Insights Generation Prompts
for LLaMA

Generation Prompts of Visual-oriented Insights

for LLaMA

system_prompt = """You are an expert data

< visualization analyst who excels at crafting

< clear, engaging narratives.

Your task is to write a fluid, well-structured

< paragraph that describes a data visualization.
Write as if you're explaining the visualization to a
< professional audience, maintaining a natural flow
< while being informative."""

user_prompt = f"""Based on the following chart

< information, write a single cohesive paragraph
< that explains the visualization's general

< information:

Title: {chart_data['describe']}

Subtitle: {chart_data['sub_title']}

Chart Type: {chart_data['chart']}

X-axis: {chart_datal'x_name']}

Y-axis: {chart_data['y_name']}

Categories: {', '.join(chart_data.get('classify"',
— [1)) if chart_data.get('classify') else 'Single
< category'}

Your paragraph should:

- Begin with "This {chart_data['chart']} chart”

- Naturally incorporate the relationships between
< variables

- Indroduce the chart's semantic meaning with the
< chart's basic information

- Use professional yet accessible language

- Be approximately 100 words in length

Focus on creating a smooth, natural flow between
— ideas rather than just listing features.”””




Generation Prompts of Task-oriented Insights for

LLaMA

system_prompt = """You are a professional data
< analyst. Your task is to describe the chart's
< purpose and its practical applications.

Your response must strictly follow this format:

Main Purpose:

[Single paragraph of 50-100 words describing the
< visualization's core objective and data

< presentation approach. Start directly with the
< description, avoiding phrases like "the main
< purpose is” or "this visualization aims to”]

Guidelines:

- Write naturally and directly without introductory
< phrases

- Use professional and objective language

- Focus on practical relevance

- Connect design choices with intended uses
- Maintain exact format with section headers”"”
user_prompt = f"""Chart information:

Title: {chart_data['describe']}

Subtitle: {chart_datal['sub_title']}

Chart Type: {chart_datal'chart']}

X-axis Label: {chart_data['x_name']}

Y-axis Label: {chart_data['y_name']}

Data Categories: {', '.join(chart_data['classify'])
< if chart_datal['classify'] else 'None'}

Provide your analysis following the exact format
< specified in the guidelines."""

Generation Prompts of Statistics-oriented In-

sights for LLaMA

system_prompt = """You are an expert data analyst.
< Based on the key statistical metrics, provide two
< types of analysis.

Your response must strictly follow this format:

Statistical Analysis:

[Single paragraph of 50-100 words analyzing current
< data patterns, focusing on ordering,

< relationships, ranges, and correlations. Start
< directly with the analysis, avoiding phrases like
< "the analysis shows” or "based on the data”]
user_prompt = f"""Chart Information:

Title: {chart_datal'describe']}

Chart Type: {chart_type}

X-axis: {chart_data['x_name']}

Y-axis: {chart_data['y_name']}

Key Statistics:{stats_info}

Provide your analysis following the exact format
< specified in the guidelines."""

D Complementary Analysis

D.1 Comparative Analysis with ChartQA

While prior benchmarks such as FigureQA (Ka-
hou et al., 2017), DVQA (Kafle et al., 2018), and
PlotQA (Methani et al., 2020) have established ro-
bust frameworks for chart understanding, they pri-
marily focus on “single-chart question answering”.
In these settings, the model is required to extract
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graphical primitives, numerical values, or local re-
lations from a specific provided image. Chartln-
sights (Wu et al., 2024) further extends this by
evaluating multimodal large language models on
low-level analytical perception. However, our pro-
posed text-to-chart retrieval task addresses a dis-
tinct and complementary challenge: the discrimina-
tive selection of the most appropriate chart from a
massive repository containing visually and seman-
tically similar candidates. This paradigm shifts the
focus from localized fact extraction within a single
chart to the global alignment of natural language
intent with latent visual representations across a
vast candidate pool. By utilizing our semantic in-
sights synthesis pipeline to bridge the gap between
query intent and visual information through multi-
level semantic supervision, we provide a new per-
spective for assessing how models understand the
analytical semantics of charts in realistic Business
Intelligence (BI) scenarios. In summary, while
ChartQA primarily evaluates the comprehension
of a single chart in isolation, text-to-chart retrieval
demands the simultaneous understanding and com-
parative analysis of multiple charts to identify the
correct target, thereby offering a more rigorous and
comprehensive benchmark for the development of
real-world retrieval-and-ranking systems.

D.2 Error Analysis

To gain a deeper understanding of the model’s lim-
itations, we performed a fine-grained error analy-
sis by conducting a word-level diagnosis on failed
queries within CRBench. As summarized in Table
9, retrieval failures are not uniformly distributed
but are significantly concentrated in queries involv-
ing implicit intent or complex logical structures.
Specifically, “opinion-oriented” queries exhibit the
highest failure bias of +20.5%, suggesting that the
model struggles to align subjective business con-
cerns with concrete visual features when the sta-
tistical target is not explicitly stated. Similarly,
“multi-dimensional breakdown” queries show a fail-
ure bias of +9.8%, highlighting the difficulty in
parsing intricate grouping relations where the ana-
lytical goal remains implicit .

In contrast, queries with explicit statistical cues
such as trend, growth, or ranking yield negative
failure biases, indicating that the model effectively
captures well-defined analytical patterns with high
reliability. These results underscore the necessity
of our proposed multi-level semantic supervision
to bridge the gap between high-level query intent



Table 9: Diagnosis of error-prone word sets in failed retrieval queries.

Error-prone word sets

Success rate  Failure rate  Failure bias

opinion / perception / concern / belief
by / among / across

distribution / percentage / share / proportion / composition / rate

compare / compared / versus (vs) /difference

trend / change / growth / decline / over time / between / from...to

15.4% 35.9% +20.5%
43.4% 53.2% +9.8%
23.1% 19.8% -3.3%
15.9% 5.9% -10.0%
61.0% 47.7% -13.3%

and latent visual representations.

D.3

The Target-and-Distractor Paradigm

We emphasize that our design is intentionally struc-
tured to simulate realistic Business Intelligence
(BI) scenarios and to evaluate the fundamental ca-
pabilities of retrieval-and-ranking systems.

Reason 1: Simulation of Intent-Driven BI
Workflows. In practical Bl environments,
users do not perform 1:1 static mappings;
rather, they use natural language to search
across a vast repository of existing chart as-
sets. Our task setup mirrors this 1 x N search
process, shifting the focus from localized fact
extraction to the global alignment of natural
language intent with visual information across
a massive candidate pool.

Reason 2: Assessment of Discriminative
and Ranking Capabilities. By matching
247 high-quality queries against 21,328 can-
didates—which include numerous visually
and semantically similar distractors—we rig-
orously assess a model’s ability to distinguish
and rank appropriate targets. If a query were
generated for every chart, the task would de-
generate into a simple image-to-text descrip-
tion matching exercise, failing to evaluate
the model’s capacity for comparative analysis
among similar candidates.

Reason 3: Task Complexity. While bench-
marks like Chart-QA evaluate the ability to
“read” a single chart in isolation, CRBench
addresses the distinct challenge of simultane-
ous understanding and comparative analysis.
Maintaining a large candidate pool relative to
the number of queries is essential for devel-
oping practical retrieval-and-ranking systems
that must operate in high-interference, real-
world scenarios.
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D4

Clarification of Paper Contribution

In this section we wish to further clarify the core
value of our research across three dimensions—task
definition, empirical significance, and methodolog-
ical depth:

Contribution 1: Bridging the Gap Between
Academic Focus and Industrial Require-
ments. While Chart Question Answering
(CQA) is widely studied in academia, the chal-
lenge of Chart Retrieval—a critical and fre-
quent task in the Business Intelligence (BI)
industry—has not received sufficient attention.
Our proposed CRBench is the first large-scale
benchmark specifically designed for this sce-
nario. It is not merely a dataset but a for-
mal academic modeling of the industrial pain
point: “precise target selection from massive
chart repositories”.

Contribution 2: Revealing Performance
Bottlenecks in Realistic BI Scenarios.
Through systematic evaluation on CRBench,
we provide the first objective evidence that
even state-of-the-art multimodal models fail
to satisfy industrial-level performance require-
ments when faced with complex queries and
highly similar distractors. This finding high-
lights a critical shift for the field: moving from
“single-chart perception” to “multi-chart dis-
criminative ranking”.

Contribution 3: Proposed Data-Driven
Pipeline and Scientific Insights. To address
these identified performance gaps, we pro-
pose a Multi-level Semantic Insights Synthe-
sis Pipeline. Beyond achieving significant per-
formance gains (e.g., nearly doubling results
in fuzzy intent scenarios), our exploration has
yielded several high-value scientific observa-
tions. These include the "Scaling Law of
modality superiority relative to encoder ca-
pacity" and the "absolute dependence of fuzzy
analytical semantics on latent visual represen-
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Figure 6: Domain distribution of data source.

tations". These insights offer the community
a reproducible path for utilizing large-scale
synthetic data to solve complex cross-modal
alignment problems. In summary, the con-
tribution of this research lies in defining a
novel and practical task, revealing an underes-
timated performance gap, and providing both
a feasible solution and a set of foundational
scientific insights.

D.5 Data Source Diversity
E Ethical and Open Source Statements

E.1 Ethical Statements

Regarding the concern on data compliance, we em-
phasize that all Kaggle datasets utilized in this work
were acquired exclusively through the official Kag-
gle APIL. This acquisition process strictly adheres to
Kaggle’s Terms of Service and official data access
protocols, ensuring that our data collection and uti-
lization are fully compliant with legal requirements
and standard research ethics guidelines.

E.2 Open Source Statements

Regarding the inquiry about data availability, we
confirm that all research artifacts—including the
CRBench benchmark, the fine-tuning datasets,
model weights, and the complete training
pipeline—will be fully open-sourced upon the ac-
ceptance of this paper. We are committed to ensur-
ing transparency and reproducibility to facilitate
further research within the community.
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