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Abstract

Statistical infographics are powerful tools that
simplify complex data into visually engaging
and easy-to-understand formats. Despite ad-
vancements in Al, particularly with LLMs, ex-
isting efforts have been limited to generating
simple charts, with no prior work addressing
the creation of complex infographics from text-
heavy documents that demand a deep under-
standing of the content. We address this gap
by introducing the task of generating statis-
tical infographics composed of multiple sub-
charts (e.g., line, bar, pie) that are contextually
accurate, insightful, and visually aligned. To
achieve this, we define infographic metadata,
that includes its title and textual insights, along
with sub-chart-specific details such as their
corresponding data, alignment, etc. We also
present Infodat, the first benchmark dataset for
text-to-infographic metadata generation, where
each sample links a document to its metadata.
We propose Infogen, a two-stage framework
where fine-tuned LLMs first generate metadata,
which is then converted into infographic code.
Extensive evaluations on Infodat demonstrate
that Infogen achieves state-of-the-art perfor-
mance, outperforming both closed and open-
source LLMs in text-to-statistical infographic
generation.

1 Introduction

Data visualization tools transform raw data into
meaningful visuals, making complex information
more accessible and understandable (Sadiku et al.,
2016). In this work, we focus on Complex statis-
tical infographics, which we view as those statis-
tical visuals that are composed of more than one
sub-chart, each with its own axes and titles, that
are particularly significant for presenting intricate
data in the form of simpler components.! The
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'While the term infographic can refer to a wide range of

visual illustrations, we restrict ourselves to only those visuals
that only comprise of multiple statistical charts.

common sub-charts include bar, pie, line graphs,
and histograms, including their stacked or grouped
variants, accompanied by varying textual infor-
mation in the form of their titles or summaries.
These information-dense visuals organize complex
statistical data into a single cohesive layout, en-
abling a quick understanding of key statistics and
trends. Widely used in business, academia, and
media, they play a crucial role in supporting effec-
tive communication and informed decision-making
(Siricharoen, 2013).

With recent advancements in Al, particularly the
development of Large Language Models (LLMs)
and Visual Language Models (VLMs) (Ghosh
et al., 2024a), the field of data visualization has
undergone a transformative evolution (Vazquez,
2024). Generative Al’s growing adoption has en-
couraged users to rely on prompts for diverse tasks
(Gozalo-Brizuela and Garrido-Merchan, 2023),
For example, tools like Adobe Express (Adobe)
and PiktoChart (Piktochart) leverage generative
Al to analyze textual prompts and propose visu-
ally appealing, template-based designs. However,
while effective for general infographics, these tools
struggle with complex statistical contexts requir-
ing more precise and nuanced data representation.
This application of generating complex statistical
infographics from text is especially useful for ap-
plications such as real-time dashboards from meet-
ing summaries, scientific posters from research ab-
stracts, personalized health visualizations, educa-
tional materials, survey summaries, market trends,
social media insights, and policy briefs.

Research Gap: Previous research has improved
LLMs’ ability to understand insights from info-
graphics (Liu et al., 2022a,b; Masry et al., 2023).
Other studies have focused on creating simple
statistical infographics from text and data (Dibia,
2023; Tian et al., 2024), showing how Al can help
with data visualization. However, these works
mainly focus on basic charts like bar or line graphs
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Republicans Shift to the Right, Democrats to the Left

- N

From 1994 to 2014, the political values of Democrats and
Republicans became increasingly polarized, with both
parties moving further apart ideclogically. 70% of
democrats were consistently more liberal than the median
Republican in 1994, while 64% of republicans were more
conservative than the median democrat . By 2004, the
percentage of Democrats who were more liberal than the
median Republican decreased to 68% ,while percentage of
republicans who were more conservative increased to
70% . This trend further intensified by 2014, with 94% of
Democrats identifying as more liperal than the median
Republican, reflecting a clear leftward shift. Similarly, the
Republican Party experienced a pronounced shift toward
conservatism. In 2014, 92% of Republicans were more
conservative than the median Democrat. These changes in
the ideclogical distribution highlight the growing divide
between the two parties. Over two decades, Democrats
consolidated around liberal values, while Republicans
gravitated toward conservative values, widening the

\ ideological gap. /
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Figure 1: Sample instance of text to complext statistical infographic task. The input is a textual document as
shown in the left and the output is the corresponding statistical infographic in right.

based on structured instructions. Also, they take
data in the form of CSV and tabular formats. How-
ever, if the user provides just the information in the
form of textual documents, then generating the sta-
tistical infographic that consists of many sub charts
requires a higher level of alignment and reasoning
capabilities of LLMs.

Motivation: In this work, we aim to address
this research gap by curating a benchmark dataset
named Infodat. Each datapoint of Infodat con-
sists of the textual document as input. The output
is the metadata, consisting of all the information
that will guide the final code generation for the
infographic. Metadata here refers to structured
information describing the characteristics of info-
graphics, including chart types (e.g., line, bar), axis
labels, statistical data points, text annotations, lay-
out details (e.g., position, alignment, dimensions),
and visual styles (e.g., fonts, background color). It
organizes and contextualizes subcharts within an
infographic, ensuring clarity and coherence in rep-
resentation. Our primary motivation for generating
intermediate metadata is inspired by works such as
(Yan et al., 2023; Lee et al., 2024) demonstrating
that providing explicit instructions to LLMs signif-
icantly improves output quality based on the use
case. As there is no existing dataset for this task,
we use a semi-automated approach for curating
this dataset.”

We propose a novel framework, Infogen, with
two main stages: the metadata generation module
and the code generation module. The metadata
generation module uses fine-tuned LLMs and a
ranker to select the best output from these mod-
els. The code generation module includes LLM

Examples of metadata are shown in Appendix A.6.

agents (Yang et al., 2024b), namely the coder and
feedback modules. The coder generates code from
the metadata, while the feedback module refines
the code based on the input document to improve
the visual quality of the infographic. The goals of
Infogen are to accurately determine the number
and types of sub-charts and their content from the
document and to arrange them in a visually appeal-
ing and well-aligned format. A sample instance of
our task is illustrated in Figure 1.

Contributions: We make four main contribu-
tions in this paper:

1) We introduce the task of text to complex
statistical infographic generation.

2) We present a synthetic data curation approach
to obtain text-to-infographic parallel data along
with intermediate metadata. We refer to this result-
ing dataset as Infodat.

3) We propose Infogen, a novel framework that
performs content planning using LLMs to first gen-
erate intermediate metadata and then generate the
final infographic and achieve state-of-the-art re-
sults for this task.

4) We propose a novel evaluation setup using
various automatic metrics to evaluate the perfor-
mance of different models for this task.

5) We conduct extensive empirical and qualita-
tive analyses to measure our model’s effectiveness
for generating statistical infographics from text.

2 Related Works

Statistical Infographics Understanding: Re-
search on this topic is broadly divided into two
main approaches. The first involves using a sin-
gle model to directly interpret charts and answer
questions in natural language, as seen in works
like (Liu et al., 2022b; Masry et al., 2023), which
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streamlines the process by handling both visual
and textual data simultaneously. The second ap-
proach converts charts into structured data for anal-
ysis, allowing for more accurate interpretations,
as demonstrated by works like (Liu et al., 2022a;
Xia et al., 2023). Our approach is inspired by the
second method, where we convert text data into
structured metadata for final code generation.

Works on Infographics Generation: Recent
work on statistical infographic generation has used
LLMs to make the process easier and more auto-
mated. Han et al. (2023) introduced ChartLlama,
a multimodal LLM that understands and creates
charts, performing well on chart comprehension
tasks. ChartGPT (Tian et al., 2024) turns natural
language and data tables into simple charts. LIDA
(Dibia, 2023) takes a step-by-step approach to cre-
ate flexible visualizations and infographics with
an easy-to-use interface for beginners. DataNar-
rative (Islam et al., 2024) proposes a two-agent
LLM framework that generates coherent data sto-
ries by integrating textual narratives with dynam-
ically created visualizations. Socrates (Wu et al.,
2023) introduces an adaptive system that creates
data stories by eliciting and incorporating user feed-
back to iteratively improve narrative visualizations.
DataShot (Wang et al., 2019) presents a method
for automatically generating fact sheets from tabu-
lar data, combining charts, icons, and key metrics
into infographic-style summaries. Calliope (Shi
et al., 2020) develops a system that transforms
spreadsheets into visual data stories composed of
annotated charts and narrative text, enabling user-
guided infographic editing.

3 Development of Infodat Dataset

To the best of our knowledge, no parallel dataset
exists for generating complex infographics from
text. To address this, we curate InfoDat using a
semi-automated approach to ensure high-quality
synthetic data, leveraging the publicly available
Pew dataset (Kantharaj et al., 2022), which com-
prises statistical charts scraped from Pew Research
articles.> The curation involves three steps: Selec-
tion of Complex Statistical Infographics, Syn-
thesizing Input Text Document, and Synthesiz-
ing Intermediate Metadata.

3Pew Research (www.pewresearch.org) publishes data-
driven articles on social issues, public opinion, and demo-
graphic trends, featuring high-quality charts with professional
descriptions.

Selection of Complex Infographics: As men-
tioned in the introduction, this work focuses only
on complex statistical infographics. Therefore, we
use GPT-40 (OpenAl, 2023) with few-shot prompt-
ing to filter out the simple charts from the Pew
dataset. This results in 3,463 complex infographic
images. The full prompt is provided in Appendix-
A8

Input Text Document Synthesis: As there are
no parallel text samples for the infographics, we
synthetically curate them for the selected images.
For this, we instruct GPT-40 (OpenAl, 2023) us-
ing chain-of-thought prompting, along with a few
examples, for the filtered statistical infographics.
We ensure that no source image information or
metadata details, such as the number of charts, are
included in the final generated text. This is done
to prevent any data leakage about the output meta-
data in the synthetic input text. The full prompt is
provided in Appendix-A.8.

MetaData Synthesis: We hypothesize that gen-
erating infographics based on intermediate, well-
structured metadata is more effective than directly
generating them from text. To create this metadata,
we use a semi-automated approach. Metadata for
filtered infographics is initially generated using
few-shot prompting with Chain of Thought (COT)
on GPT-4. To ensure accuracy and reliability, hu-
man reviewers refine and correct any errors based
on the infographic images. Figure 2 illustrates the
stages of generating the Infodat dataset. Table
1 shows some statistics.* The prompts used for
the construction of Infogen dataset are given in
Appendix -A.8.

Statistical Parameters Value

# of data points 3,463
Avg. # of words in metadata 341.015
Median # of words in metadata 300
Avg. # of words in input text 185.46
Median # of words in input text 162
Avg. # of sentences in metadata 14.54
Avg. # of sentences in input text 15.07
Avg. # of sub-charts in each metadata 2.15
Median # of sub-charts in each metadata 2
Maximum # of sub-charts in each metadata 21

Minimum # of sub-charts in each metadata 1

Table 1: Statistical analysis of Infodat.

4 Proposed Methodology

This section outlines the problem and provides the
foundation for understanding the proposed frame-

*The human verification steps are included in Appendix
FAQ Question-1.
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Figure 2: The various stages of generating the Infodat dataset are outlined as follows. We generated the metadata from the
selected infographics using the pipeline illustrated in (a). Additionally, we identified the complex infographics by following the

pipeline shown in (b).

work in detail.

4.1 Problem Statement

In our approach, we tackle the task of text-to-
complex statistical infographic generation using
Infogen. The framework takes a document I’ con-
taining statistical information in text form and pro-
cesses it in two steps. First, f(7T") converts the
text into structured metadata M, capturing ele-
ments like sub-charts, titles, and statistical details.
Then, g( M) translates the metadata into executable
Python code C, ensuring proper alignment and aes-
thetics. The process is summarized as:

C=g(f(T))

4.2 Text to MetaData Generation:

This can be broadly divided into three stages:

a) Fine-tuning of Large Language Models:
For the text-to-metadata generation task, we utilize
large-scale models such as Qwen-2 Large (Yang
et al., 2024a), LLAMA 3 (Dubey et al., 2024), and
Phi-3 Medium (Abdin et al., 2024), leveraging effi-
cient fine-tuning techniques like Quantized LORA
(Dettmers et al., 2023). Although smaller models
are tested, the larger variants consistently deliver
superior accuracy and performance. The training
objective is to minimize the cross-entropy loss:

N
L£==>"yilog(i) )
i=1

where y; denotes the true metadata labels, and
1); represents the model’s predictions.

b)Alignment using DPO: To improve text-to-
metadata generation, we align outputs from large-
scale models—Qwen-2 Large (72B) (Yang et al.,
2024a), LLAMA 3 (70B) (Dubey et al., 2024),

and Phi-3 Medium (Abdin et al., 2024)—using a
method similar to Direct Preference Optimization
(DPO) (Rafailov et al., 2024). Since no preference
dataset exists for this task, we create a synthetic
one using GPT-3.5 Turbo, inspired by (Ghosh et al.,
2024b). For each data point, we generate two meta-
data outputs from our fine-tuned models (using
varying temperatures) and have GPT-3.5 Turbo
rank them as preferred (y,,) or less preferred (y;).
This dataset is then used to fine-tune the models
with DPO.

The DPO loss, Lppo(mg; mgpr), is calculated
over the synthetic dataset Dgynehetic:

Lppo(7e; mpr) =

7o (Yuw | )
—E(,yy »¥1)~ Dgynthetic [log 4 (B log m

_Blog 7oy | @) )] )

merer(yi | ©)

Here, my(yy | ) and 7y (y; | x) are the probabil-
ities assigned by our model to the preferred and less
preferred outputs, and wgpr(yw | ), 7apr(yi | )
are the probabilities assigned by GPT-3.5 Turbo.
The scaling factor 3 and the sigmoid function o en-
hance the preference contrast. This method aligns
the model’s outputs, improving metadata genera-
tion quality. Details on the prompt for the synthetic
dataset are provided in Appendix A.8.

¢) Ranker LLM: We introduce a ranker to im-
prove metadata generation accuracy by addressing
situations where the top-performing model may
sometimes produce incorrect hallucinated outputs
(Sahoo et al., 2024). The ranker evaluates outputs
from multiple models to identify and select the
most accurate result, ensuring better overall per-
formance. The ranker, fine-tuned using LLAMA
3 (70B), evaluates outputs from three DPO-fine-
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tuned LLMs. It takes the context and three options
as input and ranks them to identify the most accu-
rate and suitable output. The ranker is trained on a
dataset created from the outputs of DPO-fine-tuned
models. We apply heuristics, such as verifying the
number of sub-charts and ensuring the correct sub-
chart types, to evaluate these outputs. This dataset
enables the ranker to reliably choose the best out-
put from multiple LLMs. °

4.3 MetaData to Final Infographic
Generation:

Our approach for generating final code from meta-
data involves two LLM modules: the Coder Mod-
ule and the Feedback Module. Since the coder
module may not produce fully functional code ini-
tially, the feedback module reviews the metadata
and generated code, providing suggestions for im-
provement. These modules work iteratively to re-
fine the code, as detailed below.

Coder Module: The first stage converts the
metadata into executable code using a large lan-
guage model, such as GPT-40 (OpenAl, 2023).
This metadata, containing details like subchart
types, axes, statistical data, and layout, is processed
by the coder module. Through in-context learn-
ing, the model generates code that includes: (1)
Subchart Setup — defining subchart types and prop-
erties; (2) Data Integration — mapping statistical
data to subcharts; and (3) Layout Structuring —
arranging subcharts cohesively. This ensures the
code reflects the metadata’s structure and data. Ad-
vanced Python libraries like Plotly (Plotly, 2024),
and Plotnine (Plotnine, 2024) are used for code
generation.

Feedback Module: After generating the initial
code, a refinement stage improves its accuracy and
alignment with the input text. The feedback mod-
ule reviews the code for issues like incorrect data
mappings, sub-chart properties, or layout incon-
sistencies. It provides suggestions that the coder
module uses to refine the code iteratively, up to
five cycles, to ensure high-quality output. This
two-stage process—initial generation and iterative
refinement—ensures the final code is accurate and
aligns with the metadata and input context. The
prompts are detailed in Appendix A.8, and the com-
plete Infogen framework is shown in Figure-3.

The prompt used for ranker LLM has been stated in Ap-
pendix A.8.

5 Experimental Results and Analysis

This section details the experimental setup and
comprehensive evaluation of the proposed model,
Infogen,’s performance using automatic, human,
and qualitative evaluation.

5.1 Experimental Setup

Our experiments were conducted on an A100
80GB GPU machine, with each model requiring an
average runtime of around 5 to 6 hours. We utilized
the PyTorch (Paszke et al., 2019), Hugging Face
(Wolf et al., 2019), and unsloath (Unsloth, 2024)
libraries to implement both the baselines and our
proposed architecture. The dataset was divided into
training, validation, and test sets in an 80:5:15 ratio.
Key hyperparameters for the metadata generation
module included a per-device training batch size
of 2, gradient accumulation steps of 4, warmup
steps of 5, a maximum of 524 steps, a learning
rate of 2e-4, an AdamW 8-bit optimizer, weight
decay of 0.01, and a linear scheduler. We used
LLAMA-3 (80GB) calls with max_tokens of 1000
and temperature of 0.5 for the code and feedback
module.

5.2 Data Preprocessing

We utilize the Infodat dataset, which was curated
through a semi-automated process involving the
selection of complex statistical infographics, the
synthesis of corresponding input text, and the gen-
eration of structured metadata. The dataset was
split into training, validation, and test sets with an
80:5:15 ratio. As part of preprocessing, the input
text for each infographic was carefully crafted to
avoid data leakage, ensuring that no source image
metadata was included in the text to maintain the
integrity of the task.

5.3 Baselines Setup

For the text-to-metadata task, we conducted a com-
prehensive evaluation with various baselines, in-
cluding few-shot prompting using state-of-the-art
models like GPT-40. To enhance diversity in few-
shot prompts, we employed BM25 embeddings for
clustering and selected examples from cluster cen-
troids, referred to as GPT40_BM25_clustering
in Table 1. Additionally, we explored fine-tuning
smaller parameter models with REFT (Wu et al.,
2024) and evaluated state-of-the-art LLMs like
Qwen2, LLAMA3, and Phi3 (both smaller and
larger versions). Finetuning was also performed
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Figure 3: The architecture of our proposed framework, Infogen, consists of two main stages: the MetaData Generation Module
and the Code Generation Module. The MetaData Generation Module is broken down into three steps: first, fine-tuning LLMs;
second, post-training with synthetic data generated using DPO; and finally, using a fine-tuned LLM as a ranker to produce the
final metadata. In the Code Generation Module, there are two LLM agents: the coder agent, which generates code from the
metadata, and the feedback module, which reviews and provides feedback on the generated code based on the metadata.

using alignment techniques like DPO with syn-
thetic preference datasets (generated with GPT-40
as a judge). Lastly, we tested a mixture of LLM
agents using in-context learning, denoted as Incon-
text_Learning_withLLMsmerge. More details
of the baselines are provided in Appendix A.4.

5.4 Evaluation Metrics

As there were no available metrics for this task, we
introduce the following measures for evaluating the
text-to-metadata generation task: (a) Sub-chart
Accuracy: Percentage of the number of sub-charts
in the generated metadata compared to the ground
truth, RSE is the root square mean error for the
number of sub-charts in the ground truth with re-
spect to the generated metadata. (b) Sub-chart
Type Accuracy: Percentage of correct sub-chart
type classifications. (c) Statistical Accuracy: Per-
centage of statistical numbers correctly extracted
from the text in the metadata. (d) Textual Infor-
mation Metrics: Rouge-L scores for the generated
titles, summaries, and sub-chart-level summaries in
the metadata (Lin, 2004; Ghosh et al., 2024c¢). Fur-
ther details for each of these metrics are provided
in Appendix section A.5. For the final infograph-
ics, we conduct a human evaluation focusing on
readability, visual appeal, and data accuracy based

on the metadata.

6 Results and Findings

Table-2 presents a comprehensive analysis of the
task of text-to-metadata generation, comparing var-
ious model configurations with our proposed archi-
tecture, Infogen. Building on our hypothesis that
improved metadata leads to the creation of better
infographics, the extensive experiments address
the following research questions in detail.

6.1 Research Questions

R1) How does Infogen perform in comparison
to existing prompting and fine-tuning strate-
gies using LLMs? Infogen achieves state-of-
the-art performance in generating complex sta-
tistical infographics from text, with the highest
scores in Subchart Accuracy (74.69%) and Sta-
tistical Accuracy (89.56%), outperforming other
models. These results confirm its effectiveness for
text-to-infographic tasks. Moreover, fine-tuning
Large Language Models (LLMs) consistently out-
performs prompting-based methods, highlighting
the critical role of fine-tuning in achieving superior
performance.

R2) Does alignment algorithms like Direct
Preference Optimization (DPO) help in improv-
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Model Configuration Subchart Accuracy | RSE | Title Rouge-L | Summary Rouge-L | Subchart Type Accuracy | Subchart Summary Rouge-L | Statistical Accuracy
GTP40_10_shot 52.28 243 0.34 0.29 68.96 0.40 87.34
GTP40_20_shot 56.73 2.06 0.36 0.31 72.10 0.42 87.77
GTP40_BM25_clustering_10shot 55.76 2.10 0.37 0.33 78.03 0.44 88.44
GTP40_BM25_clustering_20shot 57.69 2.20 0.39 0.35 79.07 0.43 88.62
reft_llama 52.5 225 0.38 0.36 66.82 0.39 74.28
reft_phi3 50.96 2.12 0.36 0.34 68.22 0.37 68.94
reft_qwen2 49.80 2.25 0.46 0.42 70.57 0.44 79.19
1lama3_glora_small 53.96 253 0.55 0.39 81.92 0.45 85.72
llama3_full_small 59.6 221 0.49 0.41 79.61 0.42 79.15
1lama3_glora_large 66.11 2.13 0.55 0.48 82.58 0.51 89.37
llama3_glora_large_dpo 68.65 2.05 0.55 0.48 82.98 0.51 88.27
phi3_glora_small 37.69 2.08 0.51 0.46 80.96 0.50 85.38
phi3_glora_large 63.46 1.96 0.53 0.47 82.78 0.51 88.65
phi3_glora_large_dpo 72.11 1.96 0.56 0.40 83.03 0.51 89.44
qwen_glora_small 45.96 2.70 0.45 0.42 6.60 0.03 6.61
qwen_qlora72B_large 68.26 2.04 0.50 0.43 81.92 0.49 87.47
qwen_glora_large_dpo 71.73 1.94 0.52 0.49 80.09 0.49 88.11
Incontext_learning_with_LLMs_merge 65.57 2.24 0.51 0.39 83.46 0.49 88.79
Infogen (small) 59.2 2.25 0.55 0.40 845 0.47 87.2
Infogen (large) 74.69 1.80 0.56 0.49 84.23 0.52 89.56

Table 2: The performance comparison of different model configurations for the text-to-metadata generation task on the Infodat
dataset shows that Infogen (large) outperforms all baselines. Among the prompting models, GPT-40 with BM25 clustering
performs the best, while Phi3 (large) with DPO leads among the fine-tuned LLMs. The best-performing model in each category

is highlighted in bold.
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Figure 4: The qualitative analysis of the generated infographics from GPT-40, Phi3 (DPO), and Infogen reveals a clear
advantage of Infogen. Notably, Infogen accurately identifies the correct number of sub-charts from the text and captures the
alignment of the sub-charts perfectly, outperforming the other two models in these aspects.

Model Readability Score | Visual Appeal Score | Data Accuracy and Alignment Score

GPT-40 (20 shot) 34 28 24
Phi3(DPO) 37 32 34
Infogen 4.1 38 4.1

Table 3: Human evaluation of Infogen with respect to differ-
ent baselines.

ing the accuracy of this generation? Fine-tuning
Large Language Models (LLMs) using techniques
like Direct Preference Optimization (DPO) leads
to much better results. For example, Phi-3 (DPO)
performs far better than its version without DPO.
Similar improvements are seen in other models

like LLAMA3 and Qwen-2, showing that DPO is
very effective at improving the accuracy of gen-
erated infographics. This shows that even prefer-
ences generated by models like GPT-40 are good
enough to significantly improve the performance
of LLM:s for tasks like text-to-metadata generation,
making alignment methods like Direct Preference
Optimization very powerful.

R3) What is the influence of the feedback
module in the final generated infographic? The
feedback module reviews Python code from the
coder module to ensure it aligns with the meta-
data. It verifies the number and type of subcharts,
checks axes, statistics, and subchart positioning,
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and evaluates alignment, layout, fonts, and dimen-
sions. It also ensures the title and summary are
included, with no extra axes or errors, ensuring
accurate, well-formatted visualizations. Figure-5
illustrates how it helps the coder module correct
overlapping text errors.

R4) How robust is Infogen? Does having mul-
tiple fine-tuned LLMs help in the metadata gen-
eration? To show the robustness of Infogen, we
use the same framework with smaller versions of
Phi-3 mini, LLAMA 3 (8B), and Qwen-2 (7B) ver-
sions. Even with smaller LLMs, Infogen delivers
better results than individual small models. For
example, Infogen (small) achieves better perfor-
mance in metrics like sub-chart accuracy (59.2%)
compared to individual models such as reft_llama
and phi3_qlora_small. This demonstrates the ro-
bustness of Infogen, suggesting that while a sys-
tem with multiple LLM agents can further enhance
performance, even a simplified version of Infogen
with smaller models still outperforms standalone
models. In scenarios where inference time is more
important than peak performance, a smaller ver-
sion, Infogen (small), can be used.

6.2 Ablation Analysis

Performance of Incontext Learning in compari-
son to Finetuned Models : We employed GPT-40
for in-context learning using the few-shot prompt-
ing technique. As baselines, we used randomly
selected 10-shot and 20-shot examples. While a
slight improvement was observed as the number
of examples increased, performance improved fur-
ther when in-context examples were selected using
BM25 clustering. However, we saw a significant
boost in performance when fine-tuned LLMs were
used, particularly with larger models, a trend that
consistently held across all LLMs evaluated.
Small vs Large LLMs: We perform extensive
experiments with LLMs of different sizes, includ-
ing LLAMA 3.1, Phi-3, and Qwen-2, and also
tested their REFT fine-tuned versions. The results
show that fine-tuning greatly improves the perfor-
mance of these models, with the larger versions
showing the most significant gains. This suggests
that, for tasks where performance is a priority, us-
ing larger LLMs is the best approach, as they con-
sistently deliver better results after fine-tuning.
Selection of Best Ranker: To determine
the optimal ranker configuration, we con-
ducted experiments using two approaches:
few-shot prompting, referred to as Incon-

text_learning_with_LLMs_merge, and fine-
tuned LLMs referred as Infogen. Our findings
highlight that the strength of our framework
heavily depends on the performance of the ranker.
Through these experiments, we observed that
fine-tuned LLMs consistently outperformed the
few-shot prompting approach for the ranker
module. So for our proposed framework, Infogen,
we have used finetuned LLMs.

6.3 Human Evaluation

A team of annotators who have knowledge of sta-
tistical infographics conducted a human evaluation
on 35% of test samples randomly selected for this
purpose. The evaluation metrics used:Readability
Score, were provided to assess the clarity, orga-
nization, and flow of the generated infographic;
Visual Score, which evaluated the layout, design,
colors and subchart identification with respect to
ground truth; and Data Accuracy and Subchart
Alignment Score, measuring the correctness of
the data and the alignment of the sub-charts with
respect to each other in the statistical infographic
in effectively conveying key insights. Each of these
metrics was rated on a scale from 1 to 5, with 1
representing the lowest quality and 5 indicating
the highest quality of the generated infographics.
We evaluated the generated infographics results
of GPT-40 (20 shot), Phi3-large (DPO), and our
proposed Infogen. The human evaluation results
are shown in Table-3. We have elaborated each of
these metrics in depth in the Appendix section A.5.

6.4 Qualitative Analysis of Generated
Infographics

Figure-4 presents a comparative analysis of info-
graphics generated by GPT-40, Phi-3 (DPO), and
Infogen, highlighting two key aspects: (1) Infogen
accurately captures statistical values by correctly
mapping them to their respective subcontexts, en-
suring contextual consistency; and (2) Infogen ef-
fectively maintains alignment across all subcharts,
achieving a cohesive and well-structured layout.
In comparison, outputs from GPT-40 and Phi-3
(DPO) are cluttered and less readable, reducing
their effectiveness in presenting insights.

7 Conclusion

This paper introduces the task of generating com-
plex statistical infographics from text-heavy docu-
ments and presents the benchmark dataset Infodat

20559



along with the framework Infogen. Infogen uses
a two-stage process of metadata and code genera-
tion to convert unstructured text into well-aligned,
multi-subchart infographics, achieving state-of-the-
art performance. By leveraging fine-tuned large
language models and iterative feedback, it ensures
high accuracy and visual appeal. Future directions
include expanding to healthcare and finance, en-
abling template customization, and improving effi-
ciency with faster inference techniques.

8 Limitations

There are some noticeable limitations of our work.
They are enumerated in the points below:

1)Though Infogen delivers state-of-the-art per-
formance, there is room for improvement in accu-
rately determining and aligning sub-charts. Mis-
alignments can cause infographics to miss key data
structure details, reducing their effectiveness. Ad-
dressing this would enhance the clarity and relia-
bility of the visuals.

2) Our dataset, Infodat, is relatively limited in
size, which might affect the generalizability of the
model in diverse domains like healthcare.

3) The framework currently lacks support for
customized template selection based on context,
limiting its flexibility in tailoring infographics for
specific user needs or varied contexts. Future im-
provements would focus on integrating customiz-
able templates to enhance the user experience and
adaptability across different use cases.

9 Ethics Statement

We utilized publicly available data for this study,
specifically Infodat, which was curated follow-
ing a semi-automated approach for the generation
of statistical infographics. No personally identifi-
able information (PII) was involved in this dataset,
and all source information has been removed from
both the input document and metadata, and all data
points were derived from publicly available sta-
tistical datasets. Any sensitive information that
could potentially be included in the textual docu-
ments used for metadata generation was redacted
to prevent privacy violations. The dataset does
not contain harmful or offensive content, and all
experiments were conducted in accordance with
ethical research standards. The use of this dataset
is strictly for academic and research purposes, en-
suring that no personal data or harmful material
was processed during this work.
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A Appendix

The Appendix section covers FAQs, risk analysis ,
statistical analysis of Infodat , examples of meta-
data along with corresponding infographics and
prompts used for this work.

A.1 Frequently Asked Questions (FAQs)

1. What are the human annotation guidelines
for synthetic metadata verification ?

Ans: We instruct the human annotators to fol-
low the below guidelines to verify the accuracy of
metadata generated from images containing multi-
ple sub-charts :

a. Count the Total Number of Subcharts:
Ensure the metadata correctly identifies the total
number of subcharts in the image. Count the sub-
charts in the image and compare them with the
metadata.(Each subchart should cover a different
context of information.)

b. Identify the Type of Each Subchart: For
each subchart, verify the type (e.g., bar chart, line
chart, pie chart). Ensure that the type specified

in the metadata matches the actual subchart in the
image after matching the corresponding context.

c. Describe the Axes: Check the axes of each
subchart. Verify that the metadata correctly de-
scribes the axes, including labels, units, and the
type of data (e.g., percentage, time, categories).
Make sure both X and Y axes are accurately repre-
sented.

d. Extract Key Statistics: Review the data
points or statistics shown in each subchart. Com-
pare the data with what’s provided in the metadata
and ensure that it matches.

e. Verify Subchart and Text Position: Ensure
the metadata accurately describes the relative posi-
tion of each subchart and its associated text (e.g.,
"top-left", "below the first subchart”, "text above
the subchart"). Verify that both the subchart and
text are correctly placed as described.

2. What are the annotator demographics and
what was the inter-annotator agreement?

Ans: The annotators comprised graduate interns
with expertise in statistical infographics and prior
experience with Pew/statistical data. For the final
evaluation of the generated infographics, the inter-
annotator agreement was measured using Cohen’s
Kappa, yielding a score of 0.78.

3. Why ChartGPT and Lida are not taken
into baselines ?

Ans: ChartGPT and LIDA operate in a setup
where both text and accompanying data tables (e.g.,
CSV files) are provided as inputs. LIDA explicitly
transforms a CSV file into an infographic, convert-
ing it into text internally, while ChartGPT uses
a query and a CSV file to generate infographics
step by step. In contrast, InfoGen addresses a fun-
damentally different problem space by generating
infographics directly from a text passage without
relying on any external data tables or structured
queries, focusing solely on unstructured text as
input.

4. Are the results statistically significant ?

Ans: The results of Infogen both small and large
are statistically significant The scores of them are
the mean of three runs conducted.

5. Is inference time a bottleneck for Infogen ?

Ans:Yes, as Infogen is using both bunch of LLM
agents in both metageneration and codegeneration
phase . On avg Infogen takes 1.5 times more infer-
ence time . So, performance versus inference trade-
off is there. We believe we can reduce the inference
time by using recent techniques like Speculative
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decoding but the efficiency part of the framework
is out of the scope of this work.

6. How does the loop between the coder mod-
ule and feedback module end?

Ans: The loop ends when the judge module
returns a "yes," indicating that the coder module
has successfully generated the final code. If the
judge module returns "no," the process repeats,
with a maximum of 5 iterations.

7.Can I see more examples of Dataset ?

Ans: Please go through this anonymous GitHub
account for the same: https://anonymous.
4open.science/r/Infogen_Samples-18C3/.

8. What is the significance of this study com-
pare to previous research works in this direc-
tion?

Ans: This work represents the first attempt at
generating complex statistical infographics that
consist of multiple subcharts, focusing specifically
on testing the capability of large language models
(LLMs) in planning and reasoning purely from text
documents. Unlike prior approaches, which rely on
both text and data tables for infographic generation,
our method challenges the LLMs to independently
interpret and generate detailed visualizations using
only the textual input.

9. Will the same framework work for other
domains like Healthcare and Finance?

Ans: We are confident that the same framework
can be applied to data from other domains. How-
ever, we believe that the training dataset should
ideally include some domain-specific data before
deploying it in new areas, as the metageneration
phase relies on fine-tuned LLMs. Additionally, for
certain domains, such as healthcare, the Infogen
framework should incorporate appropriate safety
checks to ensure compliance and reliability.

10. Do you not feel the size of Infodat dataset
is rather small?

Ans: In this work, we focus on incorporating
infographics with multiple subcharts, deliberately
excluding simpler ones to preserve the dataset’s
complexity and ensure meaningful evaluations. To
facilitate broader usability, we provide detailed
steps for extending the dataset, making it adaptable
to various domains. Our data generation pipeline is
designed to be robust, supporting seamless expan-
sion. However, human validation of the metadata
remains crucial to ensure it meets the expected
quality standards.

11. How the annotators and human verifiers

compensated for their work ?of metadata is must
to check if its satisfy the expected quality .

Ans: They are compensated according to our
agreement, which adheres to the Government’s
Minimum Wage guidelines.

12 . Why were different models optimized on
GPT-4.0’s preferences used instead of directly
relying on GPT-4.0?

Ans: We initially experimented with GPT-4.0
alone, employing configurations such as random
10- or 20-shot examples and BM25 clustering
to select optimal examples. However, our re-
sults showed that larger white-box LLMs, such
as LLAMA 3.1, Phi3, and Qwen-2, consistently
outperformed GPT-4.0 in terms of accuracy. These
models were further fine-tuned using DPO with
GPT-4.0 preferences, significantly boosting their
performance. Consequently, we integrated these
models into the Infogen framework rather than rely-
ing solely on GPT-4.0. Table 1 provides a detailed
comparison of our findings .

13. Does the definition of infographics in the
paper align with the past literature?

Ans: In this study, we focus exclusively on the
domain of statistical infographics, specifically tar-
geting complex statistical infographics that consist
of multiple subcharts, each with a distinct context.

14. Is code generation evaluated indepen-
dently?

Ans: We acknowledge that code generation was
not explicitly evaluated on its own. However, we
extensively assessed the quality of the infograph-
ics generated from the code through human and
qualitative evaluations. Our hypothesis, supported
by previous works (Yan et al., 2023), is that bet-
ter code leads to higher-quality infographics, as
demonstrated in Figure-4.

15. What aspects are covered by the meta-
data, and what are excluded?

Ans: The metadata captures structured details
about infographics, including chart types (e.g., line
charts), axis labels (e.g., months, percentages), sta-
tistical data points, text annotations, layout infor-
mation (e.g., position, alignment, dimensions), and
visual styles (e.g., fonts, background color). It or-
ganizes subcharts within the infographic, specify-
ing their relationships and context, while ensuring
clarity and coherence. The metadata does not ex-
plicitly address interactive elements, or advanced
visual features like animations.
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A.2 Risk Analysis

Our approach, while effective, presents several
risks. Misalignment between metadata and visuals
can lead to infographics that misrepresent data or
key insights. Additionally, the use of large lan-
guage models may cause inconsistent outputs, es-
pecially with ambiguous input, affecting clarity
and accuracy. Although feedback loops help refine
results, human oversight is still crucial to catch
potential errors, particularly in sensitive areas like
healthcare or finance.

A.3 Influence of Feedback to enhance the
quality of generated infographics

The feedback LLM plays a pivotal role in the Info-
gen pipeline by ensuring the accuracy and quality
of the generated code. After the initial code gener-
ation, the feedback module reviews issues such as
incorrect data mappings, layout inconsistencies, or
sub-chart misalignments. It provides iterative sug-
gestions, enabling the coder module to refine the
code over multiple cycles. This feedback process
ensures the generated infographics adhere to meta-
data constraints, including subchart count, type,
alignment, and visual appeal. By integrating this
iterative feedback mechanism, the Infogen pipeline
achieves high-quality outputs that align with the
input text and metadata. Figure-5 shows how feed-
back is helping to rectify the errors in the code
generation.

A.4 More details about Baselines

1. GPT-40_10_shot and GPT-40_20_shot:

* These baselines involve using OpenAl’s
GPT-40 model with few-shot learning.

e In the 10-shot and 20-shot configura-
tions, 10 and 20 examples respectively
are provided to the model as in-context
demonstrations during metadata genera-
tion.

2. GPT-40_BM25_clustering_10shot , GPT-
40_BM25_clustering_20shot:

» These configurations enhance the few-
shot prompting method by using BM25
embeddings to cluster similar examples.

» Examples are selected from cluster cen-

troids, ensuring better alignment with
the input text.
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3. REFT_LLAMA,REFT_Phi3,
REFT_Qwen2:

* These are fine-tuned versions of popular
LLMs (e.g., LLAMA, Phi3, and Qwen2)
using the REFT (Representation Fine-
Tuning) technique.

4. LLAMA3_qlora_small s
LLAMA3_qlora_large:

* These baselines involve fine-tuning
LLAMA3 models using the QLoRA
technique, which allows efficient fine-
tuning of large language models by quan-
tizing their weights.

* The small version has fewer parameters,
while the large version delivers better
performance due to its larger capacity.

5. LLAMA3_qlora_large_dpo:

* LLAMA3 large model fine-tuned with
QLoRA by applying Direct Preference
Optimization (DPO).

* DPO aligns the model’s outputs to syn-
thetic preferences using a preference
dataset, improving metadata generation
quality. The preference is selected by
GPT-4o.

6. Phi3_qlora_small , Phi3_qlora_large:

e These are QLoRA fine-tuned versions
of the Phi3 model, with small and large
parameter configurations.

7. Phi3_qlora_large_dpo:

* A fine-tuned version of Phi3 using
QLoRA and Direct Preference Opti-
mization, which significantly improves
alignment and performance on text-to-
metadata tasks.

* DPO aligns the model’s outputs to syn-
thetic preferences using a preference
dataset, improving metadata generation
quality. The preference is selected by
GPT-4o.

8. Qwen_qlora_small R
Qwen_qlora72B_large:

» These baselines use the QLoRA fine-
tuning method for the Qwen model.
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Figure 5: This figure demonstrates the impact of the feedback module on improving infographic generation. On the
left, text overlap issues are evident in the initial output, but these are resolved after applying the feedback module.
In Example 1, numerical values colliding with the bar are corrected, ensuring better clarity. Similarly, in Example
2, overlapping text above the horizontal bars is adjusted, resulting in a clean and well-aligned presentation.

* The 72B large version represents the
largest Qwen model evaluated, with im-
proved accuracy over smaller versions.

9. Qwen_glora_large_dpo:

e Combines QLoRA fine-tuning with
DPO for the Qwen model to enhance
preference-aligned outputs and metadata
generation.

10. Incontext_learning_with_LLMs_merge:

e This  baseline involves  using
multiple LLM agents. In this
baseline, Qwen_qlora72B_large
s Phi3_qlora_large_dpo and
LLAMAS3_qlora_large_dpo are used as
LLM agents.

* Here the ranker used is not a finetuned
one but one that uses Incontext learning
using few shot examples to choose the
best metadata for the input context.

11. Infogen (small) and Infogen (large):

» These configurations represent the pro-
posed framework Infogen.

* The small version uses smaller
fine-tuned LLMs namely
llama_gqlora_small ,qwen_qlora_small
and phi3_glora_small, while the large
version leverages larger LLMs powered
by DPO for improved accuracy and
alignment.

* Here the ranker used is a fine-tuned LLM
namely LLAMA-3.1 70B model that is
being trained for this task.

A.5 More details about metrics used

The Infogen framework uses several metrics to
evaluate the quality of metadata generation and
infographic creation. These metrics are broadly di-
vided into automatic metrics and human evaluation
metrics.

Automatic Evaluation Metrics

1. Subchart Accuracy This metric measures
the percentage of correctly identified sub charts
in the generated metadata compared to the ground
truth. It evaluates how accurately the system de-
tects the number and types of sub charts.

Subchart Accuracy =
Number of Correctly Predicted Subcharts
Total Subcharts in Ground Truth

X 100 (3)

Where:

e Correct Subcharts: Subcharts with the correct
type, structure, and alignment.

* Total Subcharts in Ground Truth: Total sub-
charts present in the reference metadata.

2. Root Square Error (RSE) for Subcharts
This metric computes the error between the number
of subcharts in the ground truth and the generated

metadata.
RSE = | ™ (G — g2 4
= ﬁ ; (y1 - yl) 4

Where:

* ¢;: Number of subcharts in the generated
metadata for the i-th sample.
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* y;: Number of subcharts in the ground truth
for the i-th sample.

* N: Total number of samples.

3. Subchart Type Accuracy This metric evalu-
ates the percentage of correctly classified subchart
types in the generated metadata.

Subchart Type Accuracy =
Number of Correct Subchart Types
Total Subcharts in Ground Truth

X 100 (5)

4. Statistical Accuracy This metric evaluates
the accuracy of numerical values extracted from the
text and included in the generated metadata. Nu-
merical values from both the generated and ground
truth metadata are sorted and compared sequen-
tially for correctness.

Statistical Accuracy =
Number of Correct Data Points

T x 100 (6)
Total Data Points in Ground Truth

5. Textual Information Metrics These metrics
evaluate the quality of textual components in the
generated metadata.

a. Title Rouge-L This metric compares the
generated title with the ground truth title using
the Rouge-L metric, which considers the longest
common subsequence (LCS) between two texts.

LCS Length

ROUGE-L = —M >
Reference Length

@

b. Summary Rouge-L This metric evaluates
the quality of the summary text in the metadata,
again using Rouge-L.

LCS Length
ROUGE-L (Summary) = ——— "8t ®)
Reference Length

¢. Subchart Summary Rouge-L The Subchart
Summary ROUGE-L metric evaluates the similar-
ity between the summaries of sub charts in the
ground truth metadata and the generated metadata.
For each subchart summary in the generated meta-
data, the ROUGE-L score is computed against
the corresponding summary in the ground truth
metadata. The metric then selects the maximum
ROUGE-L score among all possible matches, en-
suring the highest alignment between the generated
and ground truth summaries.

Subchart Summary ROUGE-L =

max ROUGE-L(sy,s;) (9)
(s g,s¢) € (Generated Metadata X Ground Truth Metadata)

Explanation:

* s4: A summary from the generated metadata.

* 5¢: A summary from the ground truth meta-
data.

* ROUGE-L(sg4, s¢): The ROUGE-L score cal-
culated between a generated summary s, and
a ground truth summary s;.

Human Evaluation Metrics

* Readability Score: This metric ensures if
statistical charts are free from overlaps or col-
lisions with text or barsinfographic (1-5 scale)

* Visual Score: Evaluates the layout, design,
color scheme, and accuracy in identifying sub-
charts in the generated infographic compared
to the ground truth. The assessment is done on
a scale of 1 to 5. For instance, if the ground
truth contains bar charts but the generated
infographic includes pie charts instead, the
visual score will be penalized accordingly.

* Data Accuracy and Alignment Score: Mea-
sures the correctness of the data and align-
ment of sub-charts with respect to each other
in conveying insights, also rated from 1 to 5.

A.6 MetaData Examples

Below here are examples of metadata for the given
infographics .
Example 1:

Di ts with high sci K ge have more
confidence in the scientific method
9% of U.S. adults in each group who say the scientific method ...
Can be used to produce any ~ Generally produces
conclusion the researcher wants _accurate conclusions
US. adults 35 | I s:
Among Republicans with ___ science knowledge
Can be used to produce any  Generally produces
conclusion the researcher wants _accurate conclusions
Hen w0 I s
Medum ar -
Low 48 I s
Among Democrats with ___science knowledge
Hen 1 I ¢
Medium 31 [

Low s I s:

an answer are not shown. See Methodology for details

Subchart 1: This is a bar chart. The axes are
not specified for the X-axis, and the Y-axis repre-
sents U.S. adults. The statistics are: Can be used
to produce any conclusion the researcher wants:
35%, and Generally produces accurate conclusions:
63%. The text associated with this subchart is "U.S.
adults". The position of the subchart is the first one
in the image, and the text is positioned above the
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corresponding subchart. The background is white,
with dimensions of 510px width and 45px height.
The fonts used are Arial, bold for the title, and
Arial for the labels.

Subchart 2: This is also a bar chart. The X-
axis is not specified, and the Y-axis represents sci-
ence knowledge categories for Republicans (High,
Medium, Low). The statistics are: High Science
Knowledge: Can be used to produce any conclu-
sion the researcher wants: 40%, Generally pro-
duces accurate conclusions: 59%; Medium Sci-
ence Knowledge: Can be used to produce any
conclusion the researcher wants: 47%, Generally
produces accurate conclusions: 52%; Low Sci-
ence Knowledge: Can be used to produce any
conclusion the researcher wants: 48%, Generally
produces accurate conclusions: 51%. The text
associated with this subchart is "Among Repub-
licans with science knowledge". The subchart is
positioned below the first subchart, and the text is
located above it. The background is white, with
dimensions of 510px width and 50px height. The
fonts used are Arial, bold for the title, and Arial
for the labels.

Subchart 3: This is another bar chart. The X-
axis is not specified, and the Y-axis represents sci-
ence knowledge categories for Republicans (High,
Medium, Low). The statistics are: High Science
Knowledge: Can be used to produce any conclu-
sion the researcher wants: 14%, Generally pro-
duces accurate conclusions: 86%; Medium Science
Knowledge: Can be used to produce any conclu-
sion the researcher wants: 31%, Generally pro-
duces accurate conclusions: 67%; Low Science
Knowledge: Can be used to produce any conclu-
sion the researcher wants: 46%, Generally pro-
duces accurate conclusions: 52%. The text associ-
ated with this subchart is "Among Democrats with
science knowledge". The subchart is positioned be-
low the second subchart, and the text is positioned
above it. The background is white, with dimen-
sions of 510px width and 45px height. The fonts
used are Arial, bold for the title, and Arial for the
labels.

Example 2:

Majority of Americans say they are more apt to trust
research when the data is openly available
% of U.S. adults who say when they hear each of the following, they trust
scientific research findings ...
Makes no
Less | More diference
2s [ > 1

s o 5
s

Data is openly
available to the public

PEW RESEARCH CENTER

Subchart 1: This is a horizontal bar chart. The
X-axis represents percentage, and the Y-axis repre-
sents categories. The statistics are: Data is openly
available to the public: Less: 8%, More: 57%,
Makes no difference: 34%; Reviewed by an in-
dependent committee: Less: 10%, More: 52%,
Makes no difference: 37%; Funded by the fed-
eral government: Less: 28%, More: 23%, Makes
no difference: 48%; Funded by an industry group:
Less: 58%, More: 10%, Makes no difference: 32%.
The text associated with this subchart is "Majority
of Americans say they are more apt to trust re-
search when the data is openly available". The po-
sition of the subchart is the first chart, and the text
is positioned at the top left of the corresponding
subchart. The background is white, with dimen-
sions of 612px width and 420px height. The fonts
used are bold sans-serif for the title, and sans-serif
for the axes and labels.

Subchart 2: This is also a horizontal bar chart.
The X-axis represents percentage, and the Y-axis
represents categories. The statistics are: Data is
openly available to the public: Less: 8%, More:
57%, Makes no difference: 34%; Reviewed by an
independent committee: Less: 10%, More: 52%,
Makes no difference: 37%; Funded by the fed-
eral government: Less: 28%, More: 23%, Makes
no difference: 48%; Funded by an industry group:
Less: 58%, More: 10%, Makes no difference: 32%.
The text associated with this subchart is "Major-
ity of Americans say they are more apt to trust
research when the data is openly available". The
subchart is positioned as the second chart, to the
right of the first chart, and the text is positioned
similarly. The background is white, with dimen-
sions of 612px width and 420px height. The fonts
used are bold sans-serif for the title, and sans-serif
for the axes and labels.

Example 3:
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Path to legal status, admitting refugees and improving
border ity are top i goals for Hi:

9% who say each is a__ goal for U.S. immigration policy

Somewhat
Important

Very Important

Establish way for most
immigrants in U.S. illegally to
stay legally

29 83

Take in civilian refugees from
countries where people are trying 37 79

to escape violence and war

Improve security of
country's borders. e 76
Increase security along
U.S-Mexico border to

reduce illegal crossings

l!!
S

Increase deportations of

41
immigrants in country illegally o 2

Note: Share of respondents who didn't offer or not showi
Source: National Survey of Latinos conducted De 323, 2019,

PEW RESEARCH CENTER

Subchart: This is a horizontal bar chart. The
X-axis represents percentage, and the Y-axis repre-
sents categories. The statistics are: Data is openly
available to the public: Less: 8%, More: 57%,
Makes no difference: 34%; Reviewed by an in-
dependent committee: Less: 10%, More: 52%,
Makes no difference: 37%; Funded by the fed-
eral government: Less: 28%, More: 23%, Makes
no difference: 48%; Funded by an industry group:
Less: 58%, More: 10%, Makes no difference: 32%.
The text associated with this subchart is "Major-
ity of Americans say they are more apt to trust
research when the data is openly available". The
position of the subchart is the only chart, and the
text is positioned at the top center of the corre-
sponding subchart. The background is white, with
dimensions of 612px width and 840px height. The
fonts used are bold sans-serif for the title, sans-serif
for the axes, and sans-serif for the labels.

A.7 More Statistical Analysis

We also have plotted the word cloud of metadata
and input text in Figure-6 and Figure-7. And fi-
nally we have plotted the distribution of number
subcharts in the Infodat dataset in Figure-8.

chart-axis (N fohts-Arial

White dlmen51ons
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Figure 6: Word Cloud Generated from Metadata

favor . e

AT?”g <po Republlcan

S adultmpol tant °lder

£ aduts Sonducte Research”Center

2 "think ar ound
s w

O Eonfidence s i® 5urvey COﬂ‘dyucted

H/omllo view & g data
saying gifierince ;u

belle v ich,

show ! aar O:JL ased

PEWMR

Figure 7: Word Cloud Generated from InputText
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Figure 8: Distribution of number of subcharts in Infodat

A.8 Different Prompts Used for Infodat and
Infogen are shown below . Infodat
prompts are shown in blue and Infogen in
green .

Prompt for Detailed Chart Description

You are an intelligent Al assistant that can
thoroughly read and understand charts.
Can you give a detailed description of the
attached chart in plain English, such that
a human is able to reconstruct the chart
based on the generated description? For
each section, mention all the statistics and
the associated text attached to it in the im-
age, like the title or heading for that sec-
tion. Do not mention the type of chart it
is, the number of sections in the image,
or use terms like ’section,” ’chart,’ or ’im-
age.” Write everything in a single passage,
without sub-passages, so it feels like all
information is provided in one continuous
context. Ensure that for each section, all
statistics and corresponding titles or text
are present, and remove source informa-
tion in the final output. Follow the writing
style as shown in the provided examples.
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Prompt used for complex infographic clas-

sification

You are an expert annotator with exten-
sive knowledge of statistical charts. Your
task is to evaluate whether the given info-
graphic qualifies as a complex infographic
or not. The definition of a complex in-
Jfographic is as follows: A complex info-
graphic contains multiple subcharts, each
with an associated title, heading, and con-
text. Additionally, it is information-dense,
presenting a large amount of data in a con-
cise manner.

Please refer < Labelled Examples > for
annotated examples.

Prompt for Detailed Subchart Analysis

You are an expert statistician whose task
is to analyze an image containing multiple
subcharts. Your goal is to provide detailed
information about each subchart. Given
this context, please count the total number
of subcharts in the image and ensure you
provide the correct number. Next, iden-
tify the type of subchart (for example, bar,
line, or pie) and describe the axes by spec-
ifying their labels and units. Extract the
key statistics or data points presented in
the subchart. Also, identify any associated
text, such as the title, heading, or other
related descriptions. Determine where the
subchart is positioned within the image,
and describe its location relative to other
subcharts. Similarly, specify where the
text linked to the subchart is located. Ad-
ditionally, describe the background of the
subchart (whether it’s a solid color, gradi-
ent, or otherwise), and measure the dimen-
sions of the subchart in pixels. Finally,
identify the fonts used for the text in the
subchart.

Please provide thorough and detailed re-
sponses to each aspect. You can refer to
the given examples for guidance.

Prompt for Metadata Selection Task

As a Natural Language Processing Expert,
your task is to determine the superior meta-
data output for a given text-to-metadata
generation task. You are provided with two
metadata outputs, Option 1 {metadatal)}
and Option 2 {metadata2}, both generated
by the same model but with different tem-
perature settings. Your goal is to select the
metadata that most accurately represents
the information derived from the input text.
Make sure the selected metadata captures
all relevant details and aligns with the in-
tended structure of the task. The output
should consist solely of the selected op-
tion, without any additional information
beyond the provided choices.

Prompt for Ranker LLM

You are a statistician expert tasked with
selecting the best metadata for the In-
put_text_clean: [insert text here]. Your
goal is to choose the most optimal meta-
data based on the following questions:

1. Title of the context? 2. Summary of the
context (what is being inferred)? 3. How
many subcharts are there? For each sub-
chart, identify: - Type of subchart - Axes
(including associated text) - Statistics - Text
(title or heading) - Position relative to other
subcharts - Position of text - Background
type - Dimensions (in px) - Fonts (one-word
description) - Alignment (horizontal or ver-
tical) - Subchart summary (include any text
that doesn’t fit the title or heading).

Return the response in JSON format with
this structure: "title": , "summary": , "sub-
chart_1": "kind":, "axis": , "stats": , "text":
, "position_chart": , "position_chart_text": ,
"background": , "dimensions": , "fonts": ,
"alignment": , "summary": , "subchart_2":

You will be given three options. Choose the
most optimal metadata, focusing first on the
correct number of subcharts. The metadata
should align properly, with correct textual
insights and statistics. Provide only the best
option as output.
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Prompt for Coder LLM Judge LLM Prompt

You are an expert coder with strong graphic
understanding. You will be provided with
metadata to generate Python code for a final
infographic. The metadata answers:

- Title of the context? - Summary of the con-
text (what is it inferring)? - Number of sub-
charts? For each subchart: 1) Subchart type
2) Axes (with text) 3) Stats of the subchart
4) Text (title or heading) 5) Subchart posi-
tion relative to others 6) Position of text 7)
Background type 8) Dimensions (px) 9) Fonts
(one-word) 10) Alignment (horizontal or ver-
tical) 11) Subchart summary (include text not
in title or heading)

Return the response in JSON format: { "ti-
tle": {}, "summary": {}, "subchart_1": {
"kind": {}, "axis": {}, "stats": {}, "text":
{}, "position_chart": {}, "background": {},
"dimensions": {}, "fonts": {}, "alignment":
{}, "summary": {} }, "subchart_2": {...} }.
Key points for Python code: 1) Ensure the
number of subcharts matches the metadata.
For bar charts, bars should be on the y-axis
and sized properly. 2) Maintain correct axes,
stats, and chart positions. The chart should
be visually appealing, with no extra axes. 3)
Include title and summary, ensure alignment,
and avoid cramped spacing.

Tips: - Adjust vertical spacing to avoid crowd-
ing. - Use distinct colors, avoiding grey/black.
- Place data values inside bars for readability.
- Center the title and use a clean layout. -
Adjust height for proper subchart fitting.
Use Python libraries like Plotly or Plotnine.
The output should only contain Python code,
no JSON or additional information.

You are a judge LLLM with expertise in eval-
uating Python code and graphical visualiza-
tions. Your task is to assess the provided
Python code against the metadata. Based on
the metadata, determine whether the code sat-
isfies all the following constraints:

- **Subchart Count™*: Ensure the code gener-
ates exactly the number of subcharts specified
in the metadata. - **Subchart Type**: Verify
that each subchart (e.g., bar chart, line chart)
matches the specified type. - **Axes and
Stats**: Ensure the axes (including text) and
statistics of each subchart match the meta-
data. - **Subchart Position**: Check that
the position of each subchart and its asso-
ciated text is correct relative to other sub-
charts. - **Alignment and Layout™**: Con-
firm that the alignment (horizontal or verti-
cal) and layout of subcharts follow the meta-
data and are visually appealing. - **Fonts
and Dimensions**: Make sure the fonts and
dimensions (in px) for each subchart match
the metadata. - **Background and Colors**:
Verify that the background type and colors
(avoid grey/black) are correct and distinguish
between elements. - **Title and Summary**:
Ensure the overall title and summary from the
metadata are reflected in the final output.
Additionally, check for the following: - Ver-
tical spacing should avoid cramped visuals. -
Data values should be visible inside bars for
bar charts. - No extra axes should be added
beyond what’s described in the metadata. -
There should be no errors such as ‘ValueEr-
ror: Vertical spacing cannot be greater than
(1/ (rows - 1))".

If you are statisfied with the code replly with
"Yes" . Else your feedback should specify
whether all the constraints are met, and if not,
provide specific details on what is missing or
incorrect in the code.
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