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Abstract

Infographics are composite visual artifacts that
combine data visualizations with textual and
illustrative elements to communicate informa-
tion. While recent text-to-image (T2I) models
can generate aesthetically appealing images,
their reliability in generating infographics re-
mains unclear. Generated infographics may
appear correct at first glance but contain eas-
ily overlooked issues, such as distorted data
encoding or incorrect textual content. We
present IGENBENCH, the first benchmark for
evaluating the reliability of text-to-infographic
generation, comprising 600 curated test cases
spanning 30 infographic types. We design an
automated evaluation framework that decom-
poses reliability verification into atomic yes/no
questions based on a taxonomy of 10 ques-
tion types. We employ multimodal large lan-
guage models (MLLMs) to verify each ques-
tion, yielding question-level accuracy (Q-ACC)
and infographic-level accuracy (I-ACC). We
comprehensively evaluate 10 state-of-the-art
T2I models on IGENBENCH. Our systematic
analysis reveals key insights for future model
development: (i) a three-tier performance hier-
archy with the top model achieving Q-ACC of
0.90 but I-ACC of only 0.49; (ii) data-related
dimensions emerging as universal bottlenecks
(e.g., Data Completeness: 0.21); and (iii) the
challenge of achieving end-to-end correctness
across all models. We release IGENBENCH at
https://igen-bench.vercel.app/.

1 Introduction

Infographics are composite visual artifacts that in-
tegrate data visualizations with textual and illustra-
tive elements, such as pictograms, thematic icons,
semantic text, and metaphorical imagery (Dur,
2014; Qin et al., 2020). By integrating data with
visual narratives, infographics enhance expressive
power and are widely used in journalism (Hamza,

*Xiuqi Huang, Yingchaojie Feng, and Yuyu Luo are corre-
sponding authors.

2023), education (Traboco et al., 2022), and busi-
ness analytics (Cui et al., 2019). Traditionally, cre-
ating high-quality infographics is labor-intensive
and demands significant design expertise (Cui et al.,
2019; Huang et al., 2024), often involving days of
manual iteration (Huang et al., 2018).

Recently, advances in text-to-image (T2I) mod-
els, such as Nanobanana-Pro (Google, 2025) and
GPT-Image (OpenAl Team, 2025), have enabled
the generation of aesthetically appealing images
with complex graphics and accurate text render-
ing. Leveraging these advanced T2I models for
automated infographic generation has become a
promising direction (Xiao et al., 2023; Peng et al.,
2025; Google, 2025). However, T2I models suffer
from inherent uncertainty (Franchi et al., 2025),
raising doubts about their reliability in generating
structured images such as infographics. Generated
charts may appear good at first glance, but often
contain easily overlooked issues that can mislead
users (Zhuo et al., 2025; Zhu et al., 2025b), such as
distorted data encoding (e.g., incorrect bar heights)
or textual errors. Such shortcomings highlight the
urgent need for systematic evaluation to identify
potential issues in generated infographics.

However, to the best of our knowledge, no ex-
isting benchmark is specifically designed for this
task. First, existing infographic-related datasets
focus on question answering or visual reasoning
(Xie et al., 2025a; Mathew et al., 2021), rather
than on infographic generation. Second, there is
currently no established method for evaluating the
quality of infographics, and evaluation methods
from related tasks do not transfer well to this set-
ting. Prior work on text-to-image generation (Yu
et al., 2022; Saharia et al., 2022; Huang et al.,
2023) mainly evaluates prompt adherence for nat-
ural images. However, infographics require both
semantic consistency between the prompt and vi-
sual elements, and accurate encoding of the under-
lying data values into corresponding visual repre-
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sentations. Moreover, existing evaluation methods
for plain chart generation often rely on holistic
scoring using multimodal large language models
(MLLMs) (Xie et al., 2025b; Yang et al., 2024b).
These methods offer limited interpretability and are
unable to identify specific errors in the charts.

To address this gap, we introduce IGENBENCH,
the first benchmark designed to evaluate the reliabil-
ity of T2I models for text-to-infographic generation.
As shown in Figure 1, IGENBENCH comprises 600
curated test cases spanning 30 distinct infographic
types across 6 categories. We construct the dataset
through a structured pipeline. We begin by col-
lecting 40K real-world infographics, followed by
clustering, sampling, and quality filtering to ob-
tain 600 high-quality and diverse cases. For each
case, we extract its design intent and underlying
data, which are then used to synthesize prompts
that serve as self-contained specifications for info-
graphic generation.

We design and implement an evaluation frame-
work that supports automatic and interpretable as-
sessment of generated infographics, with a focus on
semantic consistency and accurate data encoding.
To enable fine-grained verification of infographic
content, we first define a taxonomy of 10 ques-
tion types that cover key elements, including visual
components such as titles and chart types, as well
as data-related aspects such as data marks. Next,
we decompose the reliability verification of each
generated infographic into atomic, self-contained
yes/no questions, guided by the defined taxonomy.
These verification questions are derived from two
sources: (i) constraints explicitly specified in the
prompt, and (ii) expert-informed seed dimensions,
including data completeness, data ordering, and
data encoding. The latter extends the coverage of
question types beyond what is directly stated in the
prompt. Finally, we use MLLMs to verify each
question against the generated infographic, pro-
ducing both question-level accuracy (Q-ACC) and
infographic-level accuracy (I-ACC), where I-ACC
reflects whether all specified constraints are simul-
taneously satisfied. This question-driven evaluation
framework enables interpretable assessment of gen-
erated infographics, and shows strong agreement
with human judgments (see Section 5.3).

We conduct a comprehensive evaluation of 10
state-of-the-art T2I models using IGENBENCH, un-
covering key limitations and trends in current in-
fographic generation. Our experiments reveal a
clear three-tier performance hierarchy. The top-

tier model, Nanobanana-Pro, achieves a Q-ACC
of 0.90, significantly outperforming the second-
tier models, which attain Q-ACC scores between
0.55 and 0.61. The remaining models fall below a
Q-ACC of 0.48. This stratification highlights fun-
damental capability gaps in infographic generation
across current T2I models. Moreover, even the
best-performing model achieves an I-ACC of only
0.49, indicating that fewer than half of its generated
infographics fully satisfy all specified constraints.
This underscores that current T2I models are not
yet reliable for autonomous infographic generation,
and that human verification and post-editing re-
main necessary to ensure correctness. Additionally,
we identify data-related dimensions as a universal
bottleneck across all models—dimensions such as
Data Completeness and Data Encoding emerge as
the most challenging aspects. We summarize our
contributions as follows:

* We present IGENBENCH, the first comprehen-
sive benchmark for evaluating infographic gener-
ation fidelity, comprising 600 curated test cases
spanning 30 infographic types and covering di-
verse real-world generation scenarios.

* We propose a systematic evaluation framework
based on a taxonomy of 10 question types,
which enables fine-grained assessment of info-
graphic correctness using atomic yes/no verifi-
cation questions. It supports both question-level
accuracy (Q-ACC) and infographic-level accu-
racy (I-ACC) as evaluation metrics.

* We conduct extensive experiments on 10 state-
of-the-art T2I models, revealing a three-tier per-
formance hierarchy, the challenge of achieving
end-to-end correctness, and data-related aspects
as a universal bottleneck.

2 Related Work

Infographics Generation. Infographic creation
traditionally requires professional designers and
substantial manual effort. One direction for au-
tomation is the text-code-chart paradigm, where
large language models generate visualization code
(i.e., D3.js) that is then executed to produce info-
graphics (Li et al., 2025, 2026). However, these
code-based approaches require extensive manual
template creation and are tightly coupled to their
underlying asset libraries, limiting scalability and
generalizability. They also struggle to freely render
visual artifacts commonly found in infographics,
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Figure 1: IGENBENCH overview. The benchmark covers 30 infographic types organized into 6 high-level categories:
Composition, Trend & Evolution, Categorical Comparison, Deviation & Gap, Correlation & Flow, and Bonus.

such as pictograms, thematic icons, and metaphor-
ical imagery. In contrast, text-to-image (T2I) ap-
proaches have emerged as a more promising and
mainstream paradigm (Feng et al., 2023). Recent
works (Xiao et al., 2023; Deo et al.; Dibia, 2023) ex-
plore embedding semantic context into infograph-
ics for better aesthetics, while BizGen (Peng et al.,
2025) advances text-rich infographics generation
using layout-guided cross-attention mechanisms.
With the rapid advancement of increasingly pow-
erful T2I models like Nanobanana-Pro (Google,
2025), public interest in using them for infographic
creation has surged. Despite this momentum, the
field lacks a dedicated benchmark that systemati-
cally evaluates T2I-generated infographics.

Benchmarks. Standardized benchmarks for info-
graphics are lacking. Existing evaluation efforts
largely focus on related but distinct tasks (Wu
et al., 2026). For general text-to-image genera-
tion, benchmarks such as PartiPrompt (Yu et al.,
2022), DrawBench (Saharia et al., 2022), TIFA
(Hu et al., 2023), T21-CompBench (Huang et al.,
2023, 2025), MJHQ-30K (Li et al., 2024), and Ar-
tiMuse (Cao et al., 2025) primarily assess prompt-
following ability or visual aesthetics, often relying
on vision-language models (e.g., CLIP (Radford
et al., 2021) or modern multimodal LLMs (Bai
et al., 2025)) as automatic evaluators. For chart and
scientific visualization generation (Luo et al., 2018;
Xie et al., 2024), benchmarks such as VisJudge-

Bench (Xie et al., 2025b), VIS-Shepherd (Pan et al.,
2025), Vividoc (Tang et al., 2026a,b) and Mat-
plotBench (Yang et al., 2024b) evaluate data vi-
sulization by using MLLMs to perform holistic
scoring. VISEval (Chen et al., 2024) introduces
rule-based checks to assess the legality of gener-
ated charts. StructBench (Zhuo et al., 2025) and
ChartMark (Chen et al., 2025) further study the
generation and editing of structured scientific im-
ages. For chart understanding, benchmarks such
as AskChart (Yang et al., 2024a) and Chartln-
sights (Wu et al., 2024) evaluate models’ abil-
ity to interpret chart information. These bench-
marks do not capture the unique challenges of in-
fographic generation, which requires jointly eval-
uating semantic alignment and data encoding cor-
rectness. To address this gap, we propose IGEN-
BENCH, a comprehensive benchmark that enables
interpretable, fine-grained assessment of text-to-
infographic generation reliability.

3 Dataset Construction

As shown in Stages 1 and 2 of Figure 2, we
construct the dataset through Collection & Cura-
tion and Prompt Generation, which transform real-
world infographic designs into infographic gener-
ation prompts. Our dataset follows two goals: (i)
reflecting authentic infographic creation needs; and
(i) maximizing semantic and stylistic diversity.
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Figure 2: A three-stage pipeline for constructing IGENBENCH. Stage 1 collects and curates real-world infographics.
Stage 2 generates self-contained T2I prompts via human-in-the-loop intent and data extraction. Stage 3 evaluates
generated infographics by decomposing prompts into atomic yes/no verification questions assessed by MLLMs.

3.1 Infographic Collection & Curation

Real-world Infographic Collection. We begin by
collecting a large pool of high-quality infograph-
ics from two mainstream visualization platforms,
Statista! and Visual Capitalist?, as well as the real-
world portion of the ChartGalaxy dataset (Li et al.,
2025). For ChartGalaxy, we exclude synthetic ex-
amples to ensure that IGENBENCH focuses on real-
world usage scenarios. In total, we have collected
42,315 infographic charts from these sources.

Infographics Taxonomy. Following prior work
on chart categorization (Li et al., 2025) and well-
established visualization taxonomies such as the
Data Viz Project (Ferdio, 2024), we construct a fine-
grained yet interpretable taxonomy. We refine ex-
isting taxonomies by retaining only clearly defined
types and merging visually similar variants. We
additionally identify multi-panel layouts as a sepa-
rate bonus category due to their unique generation
challenges. This process results in a taxonomy of
six high-level categories—Composition, Trend &
Evolution, Categorical Comparison, Deviation &
Gap, Correlation & Flow, and Bonus—comprising
30 types in total. Detailed taxonomy construction
can be found in Appendix C.3.

Clustering & Sampling. Given the curated tax-
onomy, we first use a multimodal LLM (MLLM)
to assign each infographic to its appropriate chart
type and its high-level semantic description. To pre-
vent any single semantic pattern from dominating
the dataset, we perform intra-type deduplication to
remove charts with substantial semantic overlap.

"https://www.statista.com/
Zhttps://www.visualcapitalist.com/

Specifically, for each type, we apply a clustering
approach to capture the distinct semantic subspaces.
Within each cluster, we implement a stratified sam-
pling procedure that filters out redundant samples
based on cosine similarity to the cluster center em-
beddings. Finally, we manually check each sample
and remove both low-quality and visually repeti-
tive samples to further improve the quality of the
dataset. Details can be found in Appendix C.

3.2 Human-in-the-Loop Prompt Generation

After obtaining a diverse set of reference infograph-
ics, we construct generation prompts through a two-
step human-in-the-loop pipeline.

Intent and Data Extraction. We employ an
MLLM to separately extract two critical compo-
nents from each infographic: (i) a structural design
description that captures the layout, chart type, data
encoding, text placement, and decorative elements
without referencing aesthetic details such as col-
ors, fonts, or watermarks; and (ii) the underlying
data table that encodes the numerical or categor-
ical values represented in the visualization. For
the design description, we prompt the MLLM to
generate a single self-contained paragraph begin-
ning with “Create an infographic that...” that cap-
tures structural visual elements. For data extraction,
we instruct the model to output a structured table
format. Both extraction outputs undergo manual
verification to ensure accuracy and completeness,
correcting hallucinations or omissions introduced
by the MLLM.

Prompt Synthesis. We fuse the verified design de-
scription and data table into a single self-contained
T2I prompt. The final prompt embeds the data table
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directly within the design description, ending with
the sentence “The given data is: {data}.” This for-
mat ensures that all necessary information—both
structural intent and underlying data—is explicitly
provided to the T2I model in a unified specification.

4 Evaluation Protocol

As shown in Stage 3 of Figure 2, we evaluate gen-
erated infographics through atomic yes/no verifica-
tion questions. We then compute two complemen-
tary metrics: question-level accuracy (Q-ACC) and
infographic-level accuracy (I-ACC).

4.1 Question Set Construction

Question Taxonomy. To systematically capture
all critical aspects of infographic fidelity, we es-
tablish a taxonomy of 10 question types through
expert consensus. Three visualization experts in-
dependently examined 300 randomly sampled in-
fographic cases from our dataset, iteratively dis-
cussing and refining the categorization until reach-
ing full agreement. The resulting taxonomy cov-
ers: (i) Title & Subtitle, verifying headings and
title area text; (ii) Chart/Diagram Type, identifying
the visualization form; (iii) Decorative / Non-data
Elements, verifying icons and illustrations; (iv) An-
notations & Callouts, checking numeric labels and
explanatory text; (v) Axes & Scales, examining
axis labels and tick marks; (vi) Legend & Category
Mapping, validating color/shape/symbol keys; (vii)
Data Marks, checking primary visual objects rep-
resenting data; (viii) Data Completeness, ensuring
all required data items appear; (ix) Data Ordering,
verifying visual sequences match intended sorting
logic; and (x) Data Encoding, verifying mappings
from data to visual properties. The full definitions
and examples can be found in Table 2.

Prompt Decomposition. Given an input prompt p,
we first extract a set of prompt-derived verification
questions Q,(p) = {q1, ..., qm} by decomposing
the prompt into atomic constraints. Specifically,
we split the prompt into individual sentences, and
then use an LLM to convert each sentence into a
self-contained yes/no verification question. Each
q; 1s designed to be answerable solely by inspect-
ing the generated infographic, without relying on
external knowledge or implicit assumptions. Each
question targets a specific visual or textual element
based on our question taxonomy. For example,
given a prompt requesting “an infographic with
title ‘Online dominiert den Versandhandel’ and a

horizontal grouped bar chart,” we generate separate
questions: one verifying the title presence (7itle
& Subtitle), and another confirming the chart type
(Chart/Diagram Type). The full prompt used for
question generation is provided in Appendix F.

Expert-Informed Augmentation. Beyond ex-
plicit prompt specifications, we augment the ques-
tion set with expert-informed verification ques-
tions Q.(p) = {¢},...,q,} grounded in visual-
ization best practices. These questions instantiate
three critical requirements that may be implicit
in prompts: Data Completeness (whether all re-
quired data items appear correctly), Data Ordering
(whether the visual ordering follows the specified
ranking), and Data Encoding (whether visual sizes
and proportions accurately reflect the underlying
data magnitudes). For each chart in the infographic,
we instantiate these seed requirements into con-
crete, chart-specific yes/no questions following our
question taxonomy. The final question set is the

union: Q(p) = Qp(p) U Qe(p).
Verification. As illustrated in Figure 2 (Stage 3),
given a generated infographic /, each question ¢; €

Q(p) is evaluated with a strict binary correctness
function:

1, if g; is clearly satisfied in 7,

]I(Iv Qi) = {0

Any ambiguity, partial satisfaction, or missing vi-
sual evidence yields a score of 0.

otherwise.

4.2 Reliability Metrics

Based on these question-level judgments, we report
reliability at two aggregation levels.

Question-level Accuracy (Q-ACC). This metric
measures the fraction of correctly satisfied verifica-
tion questions across all evaluated infographics:

1
Q-ACC = 0] > (I, q),
q:€9Q
where Q denotes the union of all verification ques-
tions over the evaluated set.

Infographic-level Accuracy (I-ACC). This met-
ric captures holistic correctness by measuring the
fraction of infographics for which all associated
verification questions are satisfied:

|-Accz|Il|Z]I > Wa) =),

IeT ¢:€9Q(I)
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where Q(I) denotes the question set associated
with infographic /.

Reporting both Q-ACC and I-ACC disentangles
partial correctness from complete infographic cor-
rectness: high Q-ACC indicates that a model sat-
isfies many individual constraints, whereas high
I-ACC reflects whether the model can produce an
entirely correct infographic. This distinction is crit-
ical for real-world usage, where a single error may
invalidate the visualization as a whole.

4.3 Benchmark Statistics

Figure 3 presents key statistics of IGENBENCH.
As shown in Figure 3(a), the prompt token lengths
of IGENBENCH range from tens to several thou-
sand tokens (log scale), which is 1-2 orders
of magnitude longer than typical text-to-image
prompts (OnelGBench (Chang et al., 2025) and
EvalMuse(Han et al., 2024)). This reflects the in-
herent complexity of infographic generation. Fig-
ure 3(b) illustrates the distribution of our 10 ques-
tion types across the benchmark. Figure 3(c) shows
that most infographics are evaluated with 7-11
verification questions per case. Overall, IGEN-
BENCH contains 600 test cases, including 600 cu-
rated prompts and 5259 verification questions.

5 Experiments

This section reports the main experimental results
of IGENBENCH, including overall model perfor-
mance, alignment with human evaluation, the selec-
tion of the evaluation model, and a case study. Ex-
tended experiments, including performance break-
down by chart type, data leakage analysis, and eval-
uator error analysis, are presented in Appendix D.

5.1 Experiment Setup

We evaluated 10 leading text-to-image models on
IGENBENCH. Our evaluation includes 4 promi-
nent open-source models: Qwen-Image (Wu et al.,
2025), HiDream-I1 (Cai et al., 2025), FLUX.1-
dev (Black Forest Labs, 2024) and Z-Image-
Turbo (Team et al., 2025), as well as 6 leading
closed-source models: Seedream 4.5 (ByteDance,
2025), Nanobanana (Google, 2025), Nanobanana-
Pro (Google, 2025), GPT-Image-1.5 (OpenAl
Team, 2025), Image-01 (MinimaxI, 2025), and P-
Image (Pruna Al, 2025). For the main evaluation,
we employ Gemini-2.5-Pro (Comanici et al., 2025)
as the verification model to assess the generated
infographics against corresponding questions.

5.2 Main Results

Tiered performance reveals fundamental ca-
pability gaps. As shown in Table 1, the ex-
perimental results reveal a clear three-tier perfor-
mance hierarchy among the evaluated T2I mod-
els for infographic generation. The top-tier model,
Nanobanana-Pro, achieves a Q-ACC of 0.90, signif-
icantly outperforming all other models. The second
tier, consisting of Seedream-4.5 and GPT-Image-
1.5, demonstrates moderate performance with Q-
ACC scores of 0.61 and 0.55, respectively. The
remaining models fall into a third tier with Q-ACC
below 0.5, indicating fundamental difficulties in
generating accurate infographics. This stratifica-
tion is consistent across nearly all evaluation dimen-
sions. For instance, in the Annotations & Callouts
dimension, the performance gap between the top
model (0.93) and the average (0.40) exceeds 0.50
points. Moreover, the average Q-ACC across all
models is only 0.39, highlighting the difficulty of
reliable infographic generation.
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Table 1: Benchmark results of 10 state-of-the-art T2I models on IGENBENCH. Columns show per-category Q-ACC
for each of the 10 question types (sorted by average difficulty from left to right), along with overall Q-ACC and

I-ACC. Darker shading indicates higher accuracy.

Model Question Type (sorted by average) Overall
B Comp. ¢/>Enc. ¥ Order & Marks [# Anno. ¢ Axes i=Leg. € Chart H Title ¥ Deco. Q-ACCT I-ACC?T
Nanobanana-Pro 0.84 0.86 0.90 0.87 0.93 093 096 092 098 0.94 ; 0.90 0.49
Seedream-4.5 034 037 047 0.48 0.70 070 0.81 068 095 0.84 : 0.61
GPTImige-15 038 048 044 057 050 054 057 068 060 080 | 055 01
Nanobanana 031 0.27 0.44 0.54 0.57 052 060 0.65 0.81 : 0.48
Qwen-Image 0.29 0.43 037 051 048 056 0.78 : 0.36
Z-Image-Turbo 0.25 0.38 0.31 058 042 061 073 , 035
P-Image 0.27 0.36 028 054 043 058 0.68 : 0.34
Image-01 0.22 047
HIDream-I1 0.26 ‘
FLUX.1-dev 0.24 039
T
Average 021 026 027 035 040 040 046 049 054 0.66 | 0.39 0.07

Data fidelity remains the primary bottleneck. As
shown in Table 1, data-related evaluation dimen-
sions consistently emerge as the most challenging
aspects of infographic generation across all models.
Data Completeness shows the lowest average per-
formance at 0.21, followed by Ordering (0.27) and
Data Encoding (0.26). Even the best-performing
model, Nanobanana-Pro, achieves only 0.84 for
Data Completeness and 0.86 for Data Encoding,
leaving room for improvement.

This pattern reveals a fundamental limitation of
current T2I models: while they excel at generating
aesthetically pleasing visual layouts, chart types,
titles, and decorative elements (average scores of
0.49, 0.54, and 0.46, respectively), they struggle
with the precise rendering and faithful encoding of
underlying data values—a capability that remains
underdeveloped in current T2I models optimized
primarily for natural image generation.

High Q-ACC does not imply reliable infograph-
ics. As shown in Table 1, there exists a dramatic
gap between Q-ACC and I-ACC across all mod-
els, with I-ACC consistently much lower. The
best-performing model achieves a Q-ACC of 0.90
but only 0.49 I-ACC. This difference is larger for
second- and third-tier models: Seedream-4.5 and
GPT-Image-1.5 drop from 0.61 and 0.55 Q-ACC to
only 0.06 and 0.12 I-ACC, respectively, while most
other models have I-ACC scores near or at zero.
The low I-ACC scores indicate that current T21
models show a “long-tail” failure mode: although
they may correctly generate many aspects of an
infographic, they often fail on at least one or two

critical dimensions, which prevents end-to-end cor-
rectness. This suggests that for real-world use, par-
ticularly in high-stakes domains such as business
analytics or education, where information accu-
racy is essential, current T2I models cannot yet
be trusted to autonomously generate reliable info-
graphics, even when their component-level metrics
appear promising.
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Figure 4: (a) Correlation between automatic evalua-
tion (Gemini-2.5-Pro) and human judgments across 100
bootstrap samples of 25 questions each, showing strong
Pearson correlation (r = 0.90). (b) Comparison of
model rankings between IGENBENCH and LM Arena,
with Spearman p = 0.78.

5.3 Alignment with Human Evaluation and
LMArena

Automatic evaluation aligns strongly with hu-
man judgment. Following prior work (Yang et al.,
2024b), we assess the reliability of automatic eval-
uation by measuring its correlation with human
judgments. Specifically, we use Gemini-2.5-Pro as
the evaluator and recruit expert annotators to assess
the same set of generated infographics. For each
T2I model, we iteratively sample subsets of 25 ex-
amples from its generated outputs and compute av-
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Figure 5: Case of Proportional Area Chart. The prompt specifies 15 bubbles with sizes proportional to website visit
counts. Nanobanana-Pro generates 16 bubbles with some color encoding errors; Seedream and Qwen-Image exhibit
more severe issues including incorrect ranking order and garbled text.

erage scores from both automatic and human evalu-
ation. This process is repeated 100 times, yielding
100 data points (Figure 4a) for each evaluation type:
A = {a1, -+ ,a100} and H = {hy, - ,hioo},
where a; and h; denote the average automatic and
human scores on the i-th sampled subset, respec-
tively. We obtain a Pearson correlation of » = 0.90
with p = 7.54 x 10737, Given that » > 0.8 and
p < 0.05, we conclude that automatic evaluation
scores strongly correlate with human judgments,
validating the reliability of IGENBENCH.

IGenBench rankings correlate with but diverge
from natural image benchmarks. To further vali-
date the characteristics of our benchmark, we com-
pare model rankings on IGENBENCH with those
on LMArena (Chiang et al., 2024), a widely-used
arena for natural image generation. We select 7
models that are evaluated in both IGENBENCH and
LMArena. We calculate the Spearman correlation
between the two rankings and obtain p = 0.78
with p = 0.04. This moderate-to-strong positive
correlation suggests that models with strong per-
formance on natural image generation often also
perform well on infographic generation.

At the same time, the observed ranking differ-
ences highlight challenges that are specific to in-
fographic generation. For example, Seedream-4.5
ranks fourth on LMArena but places second on
IGENBENCH, whereas GPT-Image-1.5 ranks first
on LMArena but falls to third on IGENBENCH.
These differences suggest that infographic gener-
ation requires more than photorealistic rendering,
including accurate data encoding, compliance with
structured layouts, and correct semantic alignment

between visual elements and underlying data.

5.4 Selection of Evaluation Model

To identify an appropriate evaluator for the info-
graphic assessment task, we examine the align-
ment between different MLLMs and human judg-
ments. Following the setup in Experiment 5.3, we
evaluate 9 leading open-source MLLMs (Llama-
4-Maverick (Meta Al, 2025), Mistral-Small-3.2-
24b (Mistral Al 2025), Qwen3-VL-8b (Yang
et al., 2025), Qwen3-VL-32b, Qwen2.5-VL-72b
(Bai et al., 2025), GLM-4.5v (V Team et al.,
2025), Gemma-3-27b (Google, 2025), Pixtral-12b
(Agrawal et al., 2024), and InternVL3-78b (Zhu
et al., 2025a)) and 3 closed-source models (Gemini-
2.5-Pro (Comanici et al., 2025), GPT-5-mini (Ope-
nAl, 2025), and Grok-4.1 (xAl, 2025)) by comput-
ing Pearson correlation with human evaluations on
the same set of verification questions.

As shown in Figure 6, Gemini-2.5-Pro achieves
a Pearson correlation of 0.90, making it the only
model surpassing the strong correlation threshold
of 0.8. GPT-5-mini (0.70) and GLM-4.5v (0.75)
show moderate alignment, while most open-source
models exhibit substantially lower correlations,
with some falling below 0.5. Based on these re-
sults, we select Gemini-2.5-Pro as our automated
evaluator throughout all experiments.

5.5 Case Study

As shown in Figure 5, we present a representa-
tive case involving a proportional area chart dis-
playing “The Most Visited Websites in the World.”
The prompt specifies 15 bubbles with sizes pro-
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Figure 6: Pearson correlation between different

MLLMs’ automatic scores and human judgments.
Gemini-2.5-Pro achieves the highest correlation (r =
0.90), the only model surpassing the strong correlation
threshold of 0.8.

portional to visit counts. Nanobanana-Pro gen-
erates 16 bubbles instead of the required 15 and
exhibits incorrect color encoding for certain data
points. Seedream and Qwen-Image produce more
severe errors, such as incorrect ranking order and
garbled text in annotations. This case illustrates
the difficulty of simultaneously satisfying multiple
fine-grained constraints in infographic generation.
Additional cases are provided in Appendix E.

6 Conclusion

We present IGENBENCH, the first benchmark for
evaluating the reliability of text-to-infographic gen-
eration. Through 600 curated test cases spanning
30 infographic types and a question-driven eval-
uation framework, we assess current T2I models’
capability to generate reliable infographics. Our
evaluation of 10 state-of-the-art models reveals crit-
ical limitations of current T2I models and key in-
sights for future model development.

7 Limitation

This work focuses on evaluating the reliability of
text-to-infographic generation, with an emphasis
on semantic consistency between the prompt and
visual elements, as well as accurate encoding of
the underlying data values into corresponding vi-
sual representations. As a result, IGENBENCH
does not assess broader evaluation dimensions such
as communicative effectiveness (whether the in-
fographic successfully conveys its intended mes-
sage), accessibility (e.g., colorblind-friendliness),
or visual aesthetics (e.g., layout organization and
stylistic creativity). We view reliability as a foun-
dational prerequisite for these dimensions: acces-
sibility presupposes correct visual encoding, and
communicative effectiveness presupposes faithful
data representation. Moreover, these dimensions

require fundamentally different evaluation method-
ologies, such as user studies for communicative
effectiveness and perceptual modeling for acces-
sibility, which fall outside the scope of this work.
We leave the systematic assessment of these com-
plementary dimensions to future work. In addition,
due to the high monetary cost of large-scale evalu-
ation, we only include a selected set of representa-
tive state-of-the-art models. We view IGENBENCH
as a living benchmark and plan to continuously
incorporate more models.

8 [Ethical Considerations

All infographic images used in this work are
publicly available and obtained from open-access
sources. To address potential copyright issues, we
will not redistribute the original images and will
only release their URLs as part of the dataset. We
manually reviewed all collected images to verify
that they do not contain harmful, illegal, or sensi-
tive content. Some infographics include references
to humans. These cases are limited to public fig-
ures appearing in widely distributed media content,
such as news articles or public reports. The dataset
does not involve private individuals or personal user
data, and it does not include information intended
for restricted or private use. As this work focuses
on benchmarking and evaluation rather than de-
ploying or enabling new generative systems, we do
not foresee significant ethical or societal risks.
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Appendix Overview

This appendix provides supplementary materials
supporting the IGENBENCH benchmark. Section A
describes the use of large language models (LLMs)
in this work. Section B reports human involvement
in this study. Section C details the dataset construc-
tion process, including clustering and sampling,
manual quality filtering, as well as the resultant
infographic and question taxonomies. Section D
reports additional analyses beyond the main text,
including a study of potential data leakage, an error
analysis of the automated evaluation, an evalua-
tor bias investigation across multiple providers, a
reference-generation visual similarity analysis, a
prompt length sensitivity study, and a question type
independence analysis. Section E presents repre-
sentative case studies covering all 30 chart types
considered in this work. Section F documents all
prompts used throughout the pipeline.

A LLM Usage

We used Claude-4.5-Sonnet for English grammar
polishing of the paper. During dataset construction,
we used MLLMs to assist with synthesizing text-to-
infographic generation prompts, as part of a human-
in-the-loop process rather than as autonomous deci-
sion makers. During evaluation, we used MLLMs
to automatically answer atomic yes/no verification
questions against generated infographics.

B Human Participation

Human involvement in this work included expert
discussions during benchmark design and targeted
annotation during dataset curation and evaluation.
The taxonomy of question types was developed
through iterative discussions among three coau-
thors with domain expertise to ensure coverage of
key infographic elements. During dataset construc-
tion, human annotators filtered low-quality info-
graphics to maintain dataset quality. For human
evaluation, three undergraduate students majoring
in computer science were recruited locally and com-
pensated according to local wage standards. They
were asked to answer the same atomic yes/no veri-
fication questions used in the automatic evaluation.
The process was guided by an instruction, which
is shown in Figure 41. The study did not involve
sensitive personal data, and participants were not
exposed to harmful or risky content.

C Benchmark Construction Detail

C.1 Clustering & Sampling Algorithm.

As shown in Algorithm 1, we employ a stratified
cluster-then-sample strategy to ensure diversity and
representativeness across different chart types. For
each chart type ¢, we first apply k-means clustering
on the semantic embeddings e¢; = f(xz;) extracted
from the infographic descriptions or visual content,
partitioning samples into C' clusters. Within each
cluster, we select the medoid (the sample closest to
the cluster centroid) to capture the most represen-
tative instance, and optionally sample additional
diverse instances. This process is repeated until K
samples are selected for each chart type. This ap-
proach yields a balanced and comprehensive bench-
mark that reflects the full spectrum of real-world
infographic complexity. K and C' are set to 5 and
10, respectively.

Algorithm 1: Per-Type Sampling

Input: samples D = {(x;,t;)},
embeddings e; = f(x;), samples per
type K, clusters C

Output: selected sample indices S

1 5+ @
2 foreach chart type c do
3 Run k-means with C' clusters on
{ei | ti =ch
4 Let clusters be {I1, ..., Ic} with
centroids {p1, ..., puc}s
5 Se + @,
6 for j = 1to C' do
7 if | S¢| > K then
8 | break;
9 end
10 i* < arg min;e g, dist(e;, pt5) ;
// select medoid
1 Se S U{i*};
12 end
13 S« SUS.;
14 end
15 return S;

C.2 Manual Style Check of Dataset

Following the clustering and sampling process, we
conducted a rigorous manual style check to ensure
the quality and suitability of selected samples for
benchmark evaluation. During this review, we iden-
tified and filtered out samples that did not meet our
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quality standards. These problematic cases gener-
ally fall into categories such as irrelevance, poor
legibility, or lack of informational content. Figure 7
illustrates six representative types of bad cases iden-
tified during manual inspection.

As seen in Figure 7(a), some images combine
charts with no semantic relevance to one another,
making them unsuitable as coherent infographics.
Figure 7(b) shows examples where text and visual
elements are pixelated and low-resolution, severely
compromising legibility. Some samples, such as
Figure 7(c), contain only pure chart elements with-
out the narrative or design features that character-
ize infographics. Figure 7(d) depicts a screenshot
of a computer application interface rather than a
standalone visualization. Figure 7(e) represents
template images containing layout structures but
lacking actual data information. In (f), visual ele-
ments interfere with data presentation by partially
obscuring labels and complicating chart readability.
All samples exhibiting these issues were excluded
from the final benchmark to ensure high-quality
evaluation.

C.3 Infographics Taxonomy.

We aim to ensure the benchmark is structured
around the major chart types commonly recog-
nized in visualization taxonomies. Many existing
efforts categorize charts into roughly ten coarse-
grained families (Xu et al., 2023; Han et al., 2023;
Xia et al., 2025); however, such coarse categories
may mask significant stylistic variation. Chart-
Galaxy (Li et al., 2025) provides over seventy fine-
grained real-world categories, yet several are visu-
ally similar to one another or not clearly defined
in widely used visualization taxonomies such as
the Data Viz Project (Ferdio, 2024). To construct a
fine-grained and interpretable taxonomy, we retain
only the ChartGalaxy types that appear in exist-
ing public taxonomies and merge the remaining
types into the most visually similar categories. We
additionally identify infographic charts that con-
tain multi-panel (multi-chart) layouts, which are
particularly difficult for both classification and sub-
sequent generation; these are grouped separately
into a bonus category. This process results in a
fine-grained taxonomy consisting of six high-level
categories with 30 types in total:

Category 1 (Composition): Pie Chart, Donut
Chart, Semicircle Donut, Stacked Bar, Treemap,
Voronoi Treemap, Waffle Chart, Proportional Area.

Category 2 (Categorical Comparison): Ver-

tical Bar, Horizontal Bar, Grouped Bar, Lollipop
Chart, Radar Chart, Pictorial Chart, Dot Chart.

Category 3 (Trend & Evolution): Line Graph,
Stepped Line, Area Chart, Layered Area, Stacked
Area, Bump Chart.

Category 4 (Deviation & Gap): Diverging Bar,
Pyramid Chart, Dumbbell Plot, Slope Chart, Span
Chart.

Category 5 (Correlation & Flow): Bubble
Chart, Heatmap, Alluvial Diagram.

Category 6 (Bonus): Multi-panel and multi-
chart layouts that combine multiple visualization
types within a single infographic.

C.4 Question Taxonomy

IGENBENCH evaluates infographic generation
quality through a comprehensive set of verifica-
tion questions that systematically assess whether
generated outputs faithfully reproduce all specified
design elements and data content from the input
prompts. As described in the main text, we estab-
lished a taxonomy of 10 question types through
expert consensus, where three visualization experts
independently examined 300 randomly sampled
infographic cases, iteratively refining the catego-
rization until reaching full agreement.

Table 2 provides detailed definitions and rep-
resentative examples for each question type in
our taxonomy. These categories comprehensively
cover both data-driven elements (e.g., Data Marks,
Data Encoding) and design-oriented components
(e.g., Title & Subtitle, Legend & Category Map-
ping, Decorative/Non-data Elements). Addition-
ally, meta-level properties such as Data Complete-
ness and Ordering ensure that generated infograph-
ics not only include correct elements but also main-
tain proper structural relationships. By decompos-
ing infographic fidelity into these fine-grained cate-
gories, IGENBENCH enables precise diagnosis of
model strengths and weaknesses across different
aspects of infographic generation.

D Extended Experiments

D.1 Performance Breakdown on Chart Type

Figure 8 reports the Q-ACC of all models across
30 chart types. Two key observations emerge.

Model performance varies substantially across
chart types, reflecting chart-specific difficulty.
Across all models, Q-ACC differs markedly by
chart type. Canonical visualizations with simple
and widely used grammars, such as Pie Chart, Bar
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Table 2: Question Types, Descriptions, and Examples

Question Type

Definition

Example

Title & Subtitle

Questions focusing on the main head-
ing, sub-headings, or the text content
of the title area.

“Does the infographic feature the title
“Years in MLS and Average Game
Attendance, 2017’ at the top left?”

Chart / Diagram
Type

Questions identifying the specific clas-
sification, style, or overall form of the
visualization.

“Is the main visual a single filled area
chart showing a rising trend over time,
plotted against a grid of horizontal
dotted lines?’

Decorative / Non-
data Elements

Questions about icons, illustrations, or
artistic elements that do not directly
encode data.

“Is there a cartoon robot holding
money sitting on the lower data line
on the right?”

Annotations & Call-
outs

Questions about specific numeric la-
bels, explanatory text, or callouts not
part of axes.

“Is there a separate box in the bottom
right corner that presents the text ‘U.S.
Overall’ along with the national aver-
age growth rate?”

Axes & Scales Questions about axes, tick marks, grid- “Is the vertical y-axis on the left la-
lines, ranges, or scale labels. beled with the percentage values
‘+120%’, ‘+80%’, ‘+40%’, ‘0%, and
‘_40% b ?’7
Legend & Category Questions involving the key that ex- “Is a legend indicating two series,
Mapping plains how colors, shapes, or symbols  ‘2011° and ‘2012’, located above the
correspond to categories. chart area?”
Data Marks Questions regarding the primary visual “Is each of the 10 highlighted states

objects (e.g., bars, points, regions) that
directly represent data.

on the map marked with a numbered
circle indicating its rank from 1 to 10?7’

Data Completeness

Questions verifying whether the vi-
sualization includes all expected data
points, categories, or specific entities
without omission or extraneous addi-
tions.

“Does the treemap chart display rect-
angles for exactly nine brands: Tesla,
BYD, AION, SGMW, Volkswagen,
BMW, Hyundai, MG, and KIA?”

Data Ordering Questions verifying that the visual “Is the entire chart sorted in descend-
sequence of elements matches the in-  ing order by average attendance?”
tended sorting logic (e.g., descending,
ascending) described in the design.

Data Encoding Questions about how data values are “Are the relative areas of the polygonal

mapped to visual properties like size,
color, or position.
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Figure 7: Representative bad cases identified during manual quality review. Examples of samples excluded from
IGENBENCH: (a) semantically unrelated charts combined without coherent theme; (b) low-resolution and pixelated
images compromising legibility; (c) pure chart elements lacking infographic narrative features; (d) application
interface screenshots rather than standalone visualizations; (e) empty templates without actual data content; (f)
visual clutter with non-essential elements obscuring data presentation.

Chart, and Line Graph, achieve higher accuracy.
In contrast, charts with complex layouts or uncon-
ventional encodings, including Alluvial Diagram,
Radar Chart, Voronoi Treemap, and Bump Chart,
show much lower performance. For example, on
Pie Chart, the average Q-ACC across models is
0.53, while on Bump Chart it is only 0.25. This vari-
ation indicates that infographic generation has dif-
ferent levels of difficulty across chart types, mainly
due to differences in structural complexity, spatial
constraints, and the precision required to correctly
align data elements.

Model rankings are largely stable across chart
types. To quantify ranking consistency, we com-
pute the Spearman rank correlation between model
rankings across all pairs of chart types based on
Q-ACC. We observe that the average Spearman
rank correlation is 0.92, indicating a high degree of
consistency in relative model ordering. Nonethe-
less, occasional deviations are observed, with the
minimum correlation dropping to approximately
0.68. These fluctuations predominantly arise in
comparisons involving structurally complex or less
common chart types. For example, on Pie Chart,
SeedDream-4.5 and GPT-Image-1.5 rank fourth
(0.79), whereas on Bump Chart, the same model

drops to seventh (0.15).

D.2 Potential Data Leakage

To assess the potential impact of data leakage on
our benchmark evaluation, we conducted an ad-
ditional experiment using 100 recently published
infographics from Visual Capitalist dated after De-
cember 2025—ensuring that all samples were cre-
ated after the release dates of the evaluated mod-
els. This temporal separation guarantees that these
infographics could not have been included in any
model’s training data. Figure 9 presents the Q-ACC
comparison between our original IGENBENCH
benchmark (green dots) and the recent 100 sam-
ples (orange dots). The results reveal two key find-
ings: (1) Most models demonstrate stable perfor-
mance, with the majority showing consistent Q-
ACC scores across both datasets and an average
change of only 0.7%. This stability validates the
reliability and generalizability of IGENBENCH’s
evaluation framework, suggesting that our bench-
mark accurately reflects model capabilities rather
than memorization artifacts. (2) GPT-Image-1.5
exhibits significant performance degradation, with
Q-Acc dropping substantially from 0.52 to 0.29 on
recent samples, indicating possible data contam-

36934



Performance by Chart Type (Q-ACC)

AVG R
Nanobanana-Pro-
SeeDream-4.5-
GPT-Image-1.5-
Nanobanana-

Model

HIDream-I1
FLUX.1-dev

IS
FFEFTEFES 0429 o

S &S S &SR
P & & @ @ &
F S F LS

0.8

o
S
Accuracy (Q-ACC)

°
S

@ O D K P L P ¢’ K X S R S & @
Q\\\& 'ﬁ\c}&Q\'&\& ?SQ,@Q;D & \->\\QJ & gb’booe b?sgq)b@(b N “O\OQ §
EANRY LS VS § @ & 3 NS
0(\\0\2‘&@ \\e%@QQ o \?*z o ) \é@ 0\@ KS v‘b@o
Q&OQ P
Chart Type

Figure 8: Performance breakdown by chart type. Q-ACC of all 10 models across 30 chart types. Common
visualizations (e.g., Pie Chart, Bar Chart) achieve higher accuracy, while structurally complex types (e.g., Alluvial

Diagram, Bump Chart) show much lower performance.

ination in the benchmark. We acknowledge that
some degree of data leakage may exist for certain
models, particularly those with more recent train-
ing cutoffs. To address this limitation, we plan
to evolve IGENBENCH into a live benchmark in
future work.

Potential Data Leakage Effect
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Figure 9: Potential data leakage effect. Q-ACC com-
parison between the original IGENBENCH benchmark
(green) and 100 recently published infographics from
after December 2025 (orange).

D.3 Error Analysis of Automated Evaluation

To better understand the reliability and limitations
of our automated evaluation approach, we conduct
a fine-grained error analysis of Gemini-2.5-Pro’s
judgments across different question categories. We
manually examine all instances where the auto-
mated evaluator disagrees with human annotators,

categorizing errors into two types: false-positive
(where the model incorrectly marks a violation as
correct) and false-negative (where the model incor-
rectly flags a correct element as wrong).

As shown in Figure 10, disagreement rates vary
substantially across categories. Data Encoding ex-
hibits the highest disagreement rate at 12.12%, pri-
marily due to over-positive errors where the eval-
uator fails to detect subtle encoding violations.
In contrast, categories such as Title & Subtitle
(2.50%), Data Completeness (2.50%), and Order-
ing (0.00%) demonstrate near-perfect agreement
with human judgments. These results indicate that
while Gemini-2.5-Pro achieves strong overall align-
ment with human evaluation, certain fine-grained
data encoding aspects remain challenging for auto-
mated assessment.

D.4 Evaluator Bias Investigation

Using a Google model (Gemini-2.5-Pro) as the pri-
mary evaluator could introduce bias toward Google
generators. To investigate this, we selected the
three evaluator MLLMs with the highest human
alignment from our evaluator comparison study
(Figure 6): Gemini-2.5-Pro, GLM-4.5V, and GPT-
5-Mini, spanning three different providers (Google,
Zhipu Al, OpenAl). We randomly sampled one
item per chart type (30 items, 2,780 evaluation
questions) and evaluated all 10 generation mod-
els with each evaluator. As shown in Table 3,
while absolute Q-ACC values differ across eval-
uators, model rankings are highly stable: all pair-
wise Spearman p > 0.95. Notably, Gemini-2.5-Pro
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does not favor Google generators, as it assigns the
lowest absolute scores for Nanobanana-Pro and
Nanobanana compared to other evaluators. The
high ranking consistency across evaluators from
three different providers suggests that our main
results are not artifacts of evaluator-specific bias.

Table 3: Q-ACC and model rankings across three evalu-
ators from different providers. All pairwise Spearman
p > 0.95.

Model Gemini GLM GPT-5
Nanobanana-Pro  0.89 (#1) 0.91 (#1) 0.92 (#1)
Seedream-4.5 0.62(#2) 0.73(#2) 0.69 (#2)
GPT-Image-1.5 047 (#3) 0.57 (#4)  0.52 (#4)
Nanobanana 042 #4) 0.63 (#3) 0.53 (#3)
Z-Image-Turbo  0.36 (#5) 0.50 (#6) 0.44 (#6)
P-Image 0.35#6) 049 (#7) 041 #7)
Qwen-Image 0.33 (#7) 0.51 (#5) 0.45#5)
HIDream-I1 0.12(#8) 0.19(#8) 0.21 (#3)
FLUX.1-dev 0.12#9) 0.14(#9) 0.19(#9)
Image-01 0.11 (#10) 0.14 (#10) 0.13 (#10)
Ag and Disag Rate by Category
Data Encoding
Legend & Category Mapping
Chart / Diagram Type-
Annotations & Callouts:
Data Marks
Decorative / Non-data Elements-
Axes & Scales
Data Completeness
Title & Subtitle:
Ordering 0%
0 20 40 60 80 100

Percentage (%)
Agreement Disagreement

Figure 10: Agreement and disagreement rates between
Gemini-2.5-Pro and human annotators across different
question categories.

D.5 Reference-Generation Visual Similarity

To examine whether reference infographics carry
evaluative signal, we compute four image similar-
ity metrics between each generated infographic
and its human reference across all 600 bench-
mark items and 10 models: CLIP Image Similarity,
SSIM, PSNR, and LPIPS. As shown in Table 4,
these similarity metrics show limited discrimina-
tive power: most values fall within a narrow range
(e.g., CLIP Similarity spans 0.67-0.80), and mod-
els with similar scores can differ drastically in Q-
ACC (e.g., Z-Image-Turbo and Nanobanana-Pro
both score 0.80 in CLIP Similarity but differ by
over 55 points in Q-ACC). Different metrics also
produce inconsistent model rankings. We further
examine whether per-item similarity predicts per-
item Q-ACC by computing Spearman rank correla-
tion across all 7,096 (item, model) pairs, as shown
in Table 5. Perceptual-level metrics (CLIP, LPIPS)

show moderate positive correlations with Q-ACC,
while pixel-level metrics (SSIM, PSNR) are near
zero. These results confirm that while reference
infographics carry some evaluative signal, our QA-
based evaluation captures substantially more than
visual resemblance, supporting the design choice of
decomposed QA evaluation over reference-based
scoring.

Table 4: Model-level average similarity between gener-
ated infographics and human references. Rankings are
shown in parentheses.

Model CLIP SSIM PSNR LPIPS|
Nanobanana 0.80 (#1) 0.52(#1) 845(#2) 0.64 (#3)
Nanobanana-Pro  0.80 (#1) 0.48 (#5) 8.45(#2) 0.61 (#1)
Z-Image-Turbo  0.80 (#1) 0.50 #3) 7.73 (#5) 0.64 (#3)
Seedream-4.5 0.78 (#4) 0.46 (#6) 7.61 (#6) 0.66 (#5)
Qwen-Image 0.78 (#4) 0.44 (#8) 693 (#8) 0.67 (#06)
P-Image 0.77 (#6) 0.46 (#6) 7.16 (#7) 0.68 (#7)
GPT-Image-1.5 0.77 (#6) 0.39 (#10) 7.07 (#8) 0.67 (#6)
HIDream-I1 0.75 #8) 0.41 #9) 5.96 (#10) 0.70 (#10)
FLUX.1-dev 0.70 (#9) 049 (#4) 8.64 (#1) 0.68 (#7)
Image-01 0.67 (#10) 0.52 (#1) 8.58 (#4) 0.69 (#9)

Table 5: Spearman correlation between per-item im-
age similarity metrics and Q-ACC across 7,096 (item,
model) pairs.

Similarity Metric Spearman p  p-value
CLIP Image Sim. 0.30 <107¢
LPIPS (|=better) —0.22 <1076
PSNR 0.08 <107
SSIM 0.05 <1076

D.6 Prompt Length Sensitivity

We analyze how prompt complexity affects model
performance across all 600 benchmark items and
10 models. We measure three complexity vari-
ables for each prompt: total token count (fo-
tal_length), token count of the embedded data por-
tion (data_length), and token count of the lay-
out/visual specification (semantic_length). As
shown in Table 6, all three variables show signif-
icant negative correlations with Q-ACC, with fo-
tal_length and data_length exhibiting the strongest
effects (p = —0.57). This confirms that data vol-
ume dominates prompt length and is the primary
source of difficulty. Models also differ substan-
tially in their sensitivity: GPT-Image-1.5 is most
sensitive (p = —0.550), while Nanobanana-Pro is
most robust (p = —0.198).
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Table 6: Spearman correlation between prompt com-
plexity variables and mean Q-ACC across 600 items.

Variable Spearman p p-value

total_length —0.573 1.4 x 10753
data_length —0.557 4.3 x 107°°
semantic_length —0.403 7.1x 107

D.7 Question Type Independence

To verify that the 10 question types are not redun-
dant, we compute within-model pairwise Spearman
correlations on per-item accuracy across all 600
items, then average across all 10 models. Comput-
ing correlations within each model avoids inflated
correlations caused by pooling models of different
overall ability. As shown in Table 7, among all di-
mension pairs, the highest within-model correlation
is only 0.21 (Data Completeness vs. Data Encod-
ing, and Data Completeness vs. Data Marks). Most
pairs fall below 0.10, and many are near zero (e.g.,
Decorative vs. Completeness: 0.01, Ordering vs.
Title: 0.02). “~” indicates cases where some weak
models have near-zero variance on that dimension,
preventing correlation computation. These results
confirm that the 10 question types capture largely
independent aspects of infographic fidelity with
minimal redundancy.

Table 7: Average within-model pairwise Spearman cor-
relation matrix across the 10 question types. All cor-
relations remain below 0.21. “-” indicates near-zero
variance preventing computation.

I § € ¢ o

§ ¢ § F 5 & & & & §

S §8&F I8 ES
Comp. 1.00 .21 - 21 .06 - - .15 .04 .01
Enc. 21 1.00 20 .16 .08 .01 .05 .10 .03 .02
Order - .20 1.00 - .09 - - .18 .02 -
Marks 21 .16 - 1.00 .09 .08 .06 .10 .04 .04
Anno. .06 .08 .09 .09 1.00 .05 .06 .04 .11 .07
Axes - .01 - .08 .05 1.00 - .05 .09 .04
Leg. - 05 - 06 .06 - 1.00 .07 .03 .04
Chart .15 .10 .18 .10 .04 .05 .07 1.00 .04 .03
Title 04 03 .02 .04 .11 .09 .03 .04 1.00 .01
Deco. .01 .02 - 04 07 .04 .04 .03 .01 1.00

E Full Case

We present a complete collection of case studies
covering all chart types considered in this work.
Figures 11 to 40 illustrate representative examples,
spanning a total of 30 distinct chart types. Together,
these cases provide a comprehensive view of the
visual diversity encountered in infographics.

F Instruction and Prompts

In this section, we provide the instruction given
to human evaluators, along with all prompts used
throughout our pipeline for transparency and re-
producibility. Figure 41 shows the task instruction
provided to human evaluators during the evalua-
tion phase. Figure 42 presents the prompt for chart
type detection. Figure 43 shows the prompt for
T2I prompt construction. Figure 44 illustrates the
prompt for question generation, decomposing T21
prompts into atomic verification questions. Fig-
ure 45 displays the prompt for question type clas-
sification, categorizing generated questions into
our predefined taxonomy. Figure 46 presents the
prompt for question augmentation, which expands
the question set based on seed questions to ensure
comprehensive coverage. Finally, Figure 47 shows
the prompt used for automated evaluation of gener-
ated infographics against verification questions.
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PROMPT: Create an infographic that features the title 'Visualizing the UK-EU Trade Relationship' and subtitle 'As a Share of Total
UK-EU Trade (2019)' at the top, followed by a paragraph of introductory text. The central element is a flow diagram with the
'United Kingdom' on the left and the "European Union' countries listed vertically on the right. The UK side is split into an upper
section for TMPORTS Imports to the UK from the EU' and a lower section for 'EXPORTS Exports from the UK to the EU,' each
marked with a directional arrow icon. On the right, the 'European Union' is listed at the top with its flag, followed by a list of indi-
vidual countries, each with its flag and name. The width of the flows connecting the UK to each EU country represents the per-
centage of trade. Each country on the right has its import and export percentages listed next to it, denoted by a left-pointing arrow
and a right-pointing arrow, respectively. An annotation with a handshake icon in the upper portion reads 'The UK’s top trading
partner within the EU is Germany, in terms of both of exports and imports,' while another at the bottom states 'The EU is the

UK’s largest single trading partner'.
The given data is: [{'country": 'Germany', 'imports_to_uk_share': 20.9, 'exports_from uk_share': 18.9, 'year': 2019}, ...]

Figure 11: Case of Alluvial Diagram.
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PROMPT: Create an infographic that features a large title, "Foreign-Born", at the top center, with a subtitle, "SHARE OF U.S. POP-
ULATION", directly below it. The main visual is a large area chart that displays a single data series over time, with the x-axis
running along the bottom. Data points on the chart are marked with circles, except for the final data point which is a star. Each
data point is labeled with its corresponding year and percentage value placed directly above it. In the upper right corner, there is a
text block that reads: "In 2024, the U.S. foreign-born population hit record levels, increasing by 5.1 million since March 2022."
At the bottom of the infographic, below the x-axis, there is a row of illustrated diverse hands holding up small American flags.

The given data is: [{'year": 1850, 'percentage": 9.7}, ...]

Figure 12: Case of Area Chart.
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PROMPT: Create an infographic that features the title "AMERICA'S RICHEST SUBURBS" at the top, with an illustration of curren-
cy bills behind the word "RICHEST". Below the title is a map of the United States with numbered location markers on specific
states, and those states are shaded differently from the rest. Two text annotations with arrows point to map regions: one says
"California has the most billionaires of any state," and the other says "The top two richest suburbs are in New York." The lower
half of the infographic contains a list ranked 1 through 10, preceded by the text "Ranked by average household income". Each
numbered entry in the list displays the location, followed by a horizontal bar whose length represents the average household
income value, which is also written on the bar. To the right of the list is a separate column of proportionally sized circles under
the heading "Typical home value," with each circle aligned with a list item and displaying its corresponding value.

The given data is: [{'rank": 1, 'location": 'Scarsdale, New York', 'average household_income': 569000,

'average household income formatted': '$569K', 'typical home value': 1400000, 'typical home value formatted': '$1.4M'}, ...

Figure 13: Case of Bonus.
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PROMPT: Create an infographic that has a title, 'Asia-Pacific Leads the World in Mobile Traffic Consumption', and a subtitle, 'Aver-
age monthly mobile traffic consumption per mobile subscriber*', positioned at the top. The main visual is a bubble chart overlaid
on a world map, with five sets of data points corresponding to different regions. Each data point consists of two overlapping cir-
cles, with the size of each circle representing a value. A legend at the top indicates one circle type represents 'Median' and the
other 'Mean'. Each pair of circles is located over its corresponding geographical area and is labeled with the region's name: "North
America', 'Latin America', 'Europe’, 'Africa’, and 'Asia-Pacific'. The numeric value and unit for each circle is displayed within or
next to it.

The given data is: [{'region": 'North America', 'metric': 'Median', 'value": 84, 'unit": 'MB'}, ...]

Figure 14: Case of Bubble Chart.
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PROMPT: Create an mfographlc that displays a banner at the top left with the word 'RANKED' above the main title, 'A Decade of
Major Currency Returns'. To the right of the main title is a text block stating, "The U.S. dollar (USD) was the best-performing
currency, taking the top spot in six of the last ten years.". Below the title is the subtitle, 'Annual Returns of Major Currencies
Since 2014 Year-over-Year Percent Change'. A horizontal legend under the subtitle lists eight currencies, each with a representa-
tive flag icon and a three-letter code: USD, CNY, GBP, CAD, AUD, CHF, EUR, and JPY. The central element is a grid chart or-
ganized into ten columns labeled by year, from 2014 to 2023, and eight rows labeled by rank, from 1 to 8. Each cell within the
grid contains a rounded rectangle that shows a currency's flag icon and its numerical return percentage. Vertical lines connect the
rectangles for the same currency across consecutive years, visually tracking its rank over time. The given data is: [{'year": 2014,
'rank’: 1, 'currency”: 'USD!, 'return_percentage": 12.5},...]

lajor Currency Returs

Figure 15: Case of Bump Chart.
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PROMPT: Create an infographic that compares two categories of investments, "Black Assets" and "Green Assets," using a mirrored
horizontal bar chart layout split by a central vertical axis. The main title "Sovereign Wealth Funds" sits at the top, above the cate-
gory titles "Black Assets" on the left and "Green Assets" on the right, which are separated by a "vs" icon. Subtitles "Carbon-based
fossil fuels & mining" and "Renewable energy & electric vehicles" are placed under their respective category titles. Years are
listed vertically along the central axis, with each year corresponding to a row of data. For each year, a bar representing "Value of
Investments" extends outward from the center, with its value written inside. To the far left and far right, circles connected by a
line to their corresponding bar represent the "Number of Investments," with the value placed next to the circle. Each side includes
the column headers "Number of Investments" and "Value of Investments," with small curved arrows pointing from the "Number
of Investments" headers to the data circles.

The given data is: [{'year": 2018, 'category': 'Black Assets', 'category description': 'Carbon-based fossil fuels & mining',
'number_of investments': 16, 'value of investments usd billions": 16}, ...]

Figure 16: Case of Diverging Bar Chart.
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Donut Chart

Dot chart
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PROMPT: Create an infographic that features a title, MOST VALUABLE BRANDS!, centered at the top. The main visual is a large
circular chart divided into ten segments radiating from a central point, where the inner part of each segment contains a rank
number from 1 to 10. Each segment points outwards to a corresponding label block arranged around the perimeter of the chart,
with rank 1 positioned in the top-left and the rest following clockwise. These label blocks display the brand name and its associat-
ed value.the column headers "Number of Investments" and "Value of Investments," with small curved arrows pointing from the

"Number of Investments" headers to the data circles.
The given data is: [{'rank': 1, 'brand': "TATA, 'value bn usd'": 23.9}, ...]

Figure 17: Case of Donut Chart.
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PROMPT: Create an infographic that features a title and subtitle at the top, with a vertical bar element to the left of the title. Below
the subtitle, a two-item legend with circular markers indicates two data series: 'By my own country' and 'By other countries'. The
main visual is a horizontal dot plot chart with a percentage-based x-axis with vertical gridlines. The y-axis lists eight categories
vertically: 'Poland', 'Sweden', 'United Kingdom', 'Germany', 'France', 'Hungary', 'Average', and 'United States'. Each country name
is preceded by a circular icon of its national flag, and 'Average' is preceded by a slashed circle symbol. For each category, two
dots are plotted horizontally corresponding to the two data series in the legend. The title is 'Is Stopping War Crimes the Responsi-
bility of “Others”?". The subtitle is 'Share of respondents from selected countries saying that countries that commit war crimes
The given data is: [ {'country': 'Poland', 'response': 'By my own country', 'value': 53}, ...]

Figure 18: Case of Dot Chart.
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PROMPT: Create an infographic that displays the main title "How Americans' FOREIGN POLICY PRIORITIES" and a subtitle
"Changed Since 2018" at the top left, with an icon of a globe located in the upper right. The layout is divided into two main hori-
zontal sections titled "PRIORITIES WITH BIGGEST INCREASE" and "PRIORITIES WITH BIGGEST DECREASE". A
legend with the labels "2018" and "2024" is positioned near the top of the content area. Each section contains three line items,
with the name of the priority on the left and a horizontal dumbbell plot to the right. Each plot consists of two circles connected by
a line, representing data for two years. The percentage values are placed above the circles, and the change in percentage points is
labeled on the connecting line. An annotation that reads "% of respondents who think this should be a top priority" points to a
data point.should be stopped'.

The given data is: [{'priority": \"Limiting China's Power & Influence\", 'trend _group': 'Priorities with biggest increase',
'percentage 2018': 32, 'percentage 2024': 49, 'change pp': 17}, ...]

Figure 19: Case of Dumbbell Plot.
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PROMPT: Create an infographic that features a title, "Instant Success: Nissin Boosts Noodle Sales", and a subtitle, "Percent change
in the year-over-year quarterly revenue and net profit of Nissin Food Holdings", positioned at the top left. Below the subtitle, a
legend indicates two categories: "Change in revenue" and "Change in net profit". The primary visual is a grouped vertical bar
chart with a central horizontal zero axis. The chart displays data for five time periods, with labels above the bars: "Q1", "Q2",
"Q3", and "Q4" are grouped under a "2019/20" heading, and a final "Q1" is under a "2020/21" heading. For each period, two ver-
tical bars represent the categories from the legend, extending upwards for positive values and downwards for negative values.
Each bar is topped or bottomed with its corresponding numerical data label. To the left, below the first "Q1" label, there is a
line-drawing icon of a steaming instant noodle cup. The given data is: [{'time_period": 'Q1 2019/20', 'change in_revenue pct"
4.8, 'change in_net_profit_pct': -29.9}, ...]

Figure 20: Case of Grouped Bar Chart.
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PROMPT: Create an infographic that features the title 'Global Happiness Index 2023' and subtitle 'THE MOST & LEAST HAPPY
COUNTRIES IN THE WORLD' at the top. A horizontal scale below the title is labeled 'LEAST' to 'MOST' with sad and happy
emoticons, accompanied by the text 'Each country is scored out of 10 based on self-reported measures of well-being and happi-
ness. See the World Happiness Report 2023 for the full methodology.' The infographic's centerpiece is a world map where coun-
tries are displayed as a choropleth chart, with some countries labeled with their names and numeric scores. This map is framed by
callouts connected by lines to specific countries, which identify the 'Most Happy' and 'Least Happy' for various regions. The re-
gions highlighted are N. America, S. America, Europe, Africa, Middle East, East Asia, and Oceania, with the Oceania callout la-
beled 'Australia + New Zealand'. Each callout consists of a circular flag icon, a circular emoticon, the category label, and the
country's name. A text annotation 'Note: No data for Haiti in 2023' is positioned under the 'Least Happy: N. America' callout.
[{'country": 'Canada', 'score': 7, 'category": 'Most Happy: N. America'}, ...]

Figure 21: Case of Heatmap.
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PROMPT: Create an infographic that features the title "THE BIGGEST SINGLE-DAY STOCK DECLINES' in large, stacked text at
the top left. Below the title is a large downward-pointing arrow, followed by a line drawing of a crowd with speech bubbles con-
taining the words 'SELL' and 'SELL?". The main visual is a horizontal bar chart showing the 10 biggest declines, with the single
largest decline represented by a wide bar at the bottom and the other nine smaller bars stacked vertically above it on the right side.
Each bar contains a label for the monetary value on its left side and the date in its center, with the corresponding company name
positioned to the right of each bar. At the top right, there is a text block that reads 'Nvidia has experienced 8 of the 10 biggest sin-
gle-day stock declines.' with an arrow pointing down towards the chart. At the bottom left, an annotation reads 'Nvidia's stock
plummeted after a Chinese startup called DeepSeek released a powerful Al model.' with an arrow pointing up to the largest
bar.country's name. A text annotation 'Note: No data for Haiti in 2023' is positioned under the 'Least Happy: N. America' callout.
The given data is: [{'date": 'Jan. 27, 2025', 'company": 'NVIDIA', 'label": '-$560B", 'value_billions": -560}, ...]

Figure 22: Case of Horizontal Bar Chart.
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PROMPT: Create an infographic that presents a title at the top, 'BIGGEST THREATS to TEENS' MENTAL HEALTH', with a subti-
tle 'Percentage of parents & teens who believe the following factors have the most negative impact on mental health' below it.
The infographic is divided into two sides, designated by a 'Parents' label on the upper left and a 'Teens' label on the upper right. A
central illustration depicts a person with a worried expression, hands up, surrounded by four shadowy figures. Layered, wavy
bands flow horizontally across the page from left to right, behind the illustration. On the 'Parents' side, a vertical list displays per-
centages followed by category labels: 'Social media', 'Technology generally', and 'The state of society'. On the 'Teens' side, a cor-
responding vertical list shows category labels followed by percentages, including 'Bullying', 'Pressure and expectations', and
'School'.

The given data is: [{'category': 'Social media', 'group': 'Parents', 'percentage': 44}, ...]

Figure 23: Case of Layered Area Chart.
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PROMPT: Create an infographic that features the title "Decoding the Al Economy Series" with "Part 3 of 3" at the top right. The
main visual is a large line chart titled "U.S. vs. EU" comparing private Al investment, with a vertical axis for monetary value and
a horizontal axis for years 2013 through 2023. On the left, a large number "10" is displayed above the text "YEARS OF AI IN-
VESTMENT" and a descriptive paragraph starting "U.S. Al companies are the undisputed...". The chart displays two data lines
with marked points, and the area under the lower line is illustrated as a stack of bills. To the right of the chart, two callout boxes
show total investment: one labeled "Total U.S. $486.1B" with a U.S. flag icon and one below it labeled "Total EU & UK $75.7B"
with an EU flag icon. A cartoon robot holding money sits on the lower data line on the right. Below the chart is a sentence start-
ing "In fact, U.S. firms have attracted over six times more...". A footer contains the text "The Al Economy is booming, creating
opportunities and fostering innovation across the globe." next to a button labeled "LEARN MORE".

The given data is: [{'year': 2013, 'region": 'U.S.", 'investment_billions": 4.2}, ...]

Figure 24: Case of Line Graph.
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PROMPT. Create an infographic that displays information on a horizontal timeline axis positioned at the bottom. The main title,
'2020's Biggest TECH Acquisitions', is located at the top left of the layout. Each data point is represented by a vertically oriented,
balloon-like shape, where the size is proportional to the data value, originating from its corresponding date on the timeline. The
name of the acquiring company is placed directly above its shape, while the name of the acquired company and the amount are
located inside the shape. A legend titled 'How to read this:' in the upper right quadrant explains the data mapping, indicating 'Ac-
quiring company', 'Acquired company', and 'Amount'. Two text annotations are present: one in the middle of the graphic reads
'NVIDIA's two major deals combined for more than $46.9 billion, the most by any tech buyer in 2020', and another at the bottom
reads 'Salesforce had five total acquisitions in 2020, including a $570 million purchase of professional services firm Acumen
Solutions'.

The given data is: [{'date": '2020-01-09', 'acquiring_company": 'Insight Partners', 'acquired_company": 'Veeam',
'‘amount_billions_usd": 5}, ...]

Figure 25: Case of Lollipop Chart.
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PROMPT: Create an infographic that features a large title at the top left, "Where the Most Money is Burned on Cigars," with a subti-
tle directly below it reading, "Per capita revenue from cigars in selected countries in 2022 (in U.S. dollars)." The main visual is a
vertical bar chart composed of ten downward-pointing, cigar-shaped illustrations, arranged in descending order of height from left
to right. Each cigar-shaped bar represents a country, with a circular icon of that country's flag on a band around the middle of the
cigar. The numerical value is placed directly above each cigar, and the corresponding country name is placed directly below it. A
vertical line element is positioned to the left of the main title. The given data is: [{'country": 'Lebanon', 'per_capita_revenue usd":
36.7},...]

Figure 26: Case of Pictorial Chart.
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PROMPT: Create an infographic that features the title 'Healthy Eating Tips' inside a triangle at the top center. The main visual is a
large circle representing a plate, which is divided into three sections. The left half of the circle is one large section, while the right
half is split horizontally into two equal quarter-sections. Curved text labels each section along its outer edge: the left section is la-
beled '50% vegetables and fruits', the top-right section is labeled '25% protein rich food', and the bottom-right section is labeled
'25% carbohydrates'. Each section is filled with illustrations of corresponding foods, such as vegetables and fruits in the largest
section, fish and meat in the protein section, and bread and pasta in the carbohydrates section.

The given data is: [{'label": 'vegetables and fruits', 'value': 50, 'percentage': '50%'}, ...]

Figure 27: Case of Pie Chart.
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PROMPT: Create an infographic that features a title on the left reading 'The Most Visited Websites in the World' with a subtitle 'As
of June 2024'. The main visualization is a bubble chart with 15 circles of varying sizes scattered across the canvas, where the size
of each circle corresponds to the data value. Each bubble contains the website's domain name, a large number representing bil-
lions of visits, and has a rank number placed adjacent to it. The largest circle for the top-ranked site also includes the text 'Month-
ly Visits' below the number. Each circle is accompanied by a small, simplified icon representing the associated website. A legend
in a rectangular box on the left side lists 'U.S.", 'China', 'Russia’, and 'Czech Republic', each preceded by a cursor-shaped icon. A
large, stylized letter 'G' is placed near the main title, and a hand cursor icon is positioned in the upper central area.

The given data is: [{'rank": 1, 'website" 'google.com', 'monthly visits billions': 82, 'country': 'U.S.'}, ...]

Figure 28: Case of Proportional Area Chart.
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PROMPT. Create an infographic that displays a title at the top, "THAP DINH DUGNG CAN DOI", with a subtitle below it, "( Trung
binh cho 1 nguoi truong thanh trong 1 thang )". The main visual is a large food pyramid chart positioned in the center, divided
into seven horizontal tiers. Each tier contains illustrations of food items relevant to its category, with the base being the widest
and the tip being the narrowest. To the left of the pyramid, a vertical list of text labels corresponds to each tier, detailing the food
group and recommended monthly quantity. To the right of the pyramid, another vertical list of text labels corresponds to each tier,
providing consumption frequency recommendations. At the bottom of the infographic, below the pyramid, is the text "Dinh
dudng hop 1y 1a nén tang cua Sirc khoe". On either side of this bottom text are small illustrative drawings of people exercising.
The given data is: [{'item": 'Mudi', 'quantity': 'Duéi 180 gr', 'recommendation': 'An han ché'}, ...]

Figure 29: Case of Pyramid Chart.
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PROMPT: Create an infographic that features a central title block with the text "TOP U.S. SUPPLIERS OF', followed by '"ALUMI-
NUM' and '& STEEL' on separate lines below. The infographic is structured around two opposing semi-circular radial charts
originating from the center. The upper chart fans out towards the top, displaying data with wedges, each labeled with a supplier
name, a circular icon, and a value. The lower chart mirrors this structure, fanning out towards the bottom, also displaying data
with wedges and corresponding labels containing a supplier name, a circular icon, and a value. Positioned between the two charts
are central labels reading ' A $15.6B' and '$28.3B', with the text Tmport Value of Top 10' pointing to each chart's total. In the
lower right, there is a circular cutout image of a person's headshot. Adjacent to the image is a text block containing the sentence:
'"Trump reimposed tariffs on foreign steel and aluminum imports.'. The given data is: [{'category': 'Aluminum’, 'supplier':
'Canada', 'value_billions" 9.4, 'label": '$9.4B'}, ...]

Figure 30: Case of Radar Chart.
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PROMPT: Create an infographic that features a large, centered title, "Share holding pattern of AXIS BANK", at the top. Below the
title is a semi-circular chart composed of five wedges of varying sizes, positioned in the lower half of the frame. Each wedge con-
tains a large percentage value. Five rectangular labels, "Other", "Public", "Promoters", "MF", and "FII", are placed above and to
the left of the chart. Thin lines connect each label to its corresponding wedge. A circular element containing a stylized letter 'A' is
situated at the base of the semi-circular chart.

The given data is: [ {'category": 'Other’, 'percentage': 7.5}, ...]

Figure 31: Case of Semicircle Donut Chart.
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Slope Chart
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Reference Nanohanana-pro Seedream Qwen-image
0.55 0_1‘5 ELECTRICITY FROM RENEWABLES 027

s Now Cheaper than Ever
ELECTRICITY FROM RENEWABLES )
s

What's driving this change? ELECTRICITY FROM RENEWABLES o
" Is Now Cheaper than Ever

Whats driving this change?

?
¢

PROMPT: Create an infographic that features a main title "ELECTRICITY FROM RENEWABLES Is Now Cheaper than Ever" and
a subtitle "Over the last decade, renewable energy technologies have become cost-competitive with fossil fuels." Below the title,
a section header reads "What's driving this change?" followed by an explanatory paragraph, positioned next to a grid of eight cir-
cular icons representing energy sources, each with a text label below it and some with a "RENEWABLE" tag above. The main
visual is a slope chart with a vertical axis labeled "COST ($/MWH)" on the left, comparing data points from a vertical line la-
beled "2009" to another labeled "2020". Each of the eight energy sources is represented by a line connecting its 2009 cost value to
its 2020 cost value. Data points are marked with circles and accompanied by rectangular labels showing the numeric cost. To the
right of the 2020 labels, the percentage change is listed alongside a directional arrow. Annotations with arrows point to specific
lines within the chart, and a descriptive text box is located on the lower right. A single circular icon with a lightning bolt symbol
is in the top right corner.

The given data is: [{'source': 'Solar Photovoltaic', 'type': 'Renewable’, 'cost_2009': 359, 'cost_2020': 37, 'change': -90%'}, ...]

Figure 32: Case of Slope Chart.
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PROMPT. Create an infographic that displays a large title, "DEBT-TO-GDP RATIO", on the right side, with the text "of Advanced
Economies" and a framed "2000 vs 2024E" below it. The main visual element is a horizontal bar chart on the left, listing coun-
tries vertically from top to bottom. Each country's entry begins with a circular flag icon and its name, followed by a bar represent-
ing its data. For most countries, the bar is composed of a shorter segment nested within a longer one, with a numeric value inside
the shorter segment and another at the end of the longer bar. For some countries, the visualization consists of a single bar with a
value inside it, and a second value indicated by a pointer next to the bar. A large, faint illustration of stacked coins is visible in the
background, partially overlapping the title and the chart area.

The given data is: [{'country': 'Japan', 'ratio_2000": 135.6, 'ratio_2024": 251.9}, ...]

Figure 33: Case of Span Chart.
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PROMPT. Create an infographic that features a large title,' GERMANY'S GAS PIVOT!, at the top left, with the subtitle 'Natural gas
imports to Germany by source' positioned directly below it. To the top right, there is a text block that reads: 'The mix of natural
gas imports to Germany has shifted dramatically since the invasion of Ukraine in early 2022.". The main visual is a 100% stacked
area chart with a vertical axis on the left marked with percentage increments and a horizontal axis at the bottom with labels for
'2022' and "2023'. This chart is segmented into several stacked areas, each labeled with its source: 'RUSSIA', 'CZECHIA',
'NORWAY', NETHERLANDS', 'BELGIUM', 'OTHER EUROPE', and 'LIQUEFIED NATURAL GAS'. Each country name is
accompanied by a circular icon of its flag. On the right side of the chart, annotations with an upward arrow indicate percentage
point changes, including 't 14 p.p.", 't 10 p.p.", and 't 13 p.p.". The given data is: [{'source': 'Russia’, 'change pp': -35}, ...]

Figure 34: Case of Stacked Area Chart.
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Stacked Bar Chart

Treemap
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PROMPT: Create an infographic that displays a title, 'How Much Longer Do You Have To Live?', with a subtitle, 'Life Expectancy in
the U.S.', positioned at the top center. Small illustrative figures of children are on the top left, and an elderly couple are on the top
right. A central vertical stacked bar chart is the main feature, with its vertical axis labeled 'Years' and its horizontal axis showing
labels for 'Current Age' in five-year increments. Each bar is composed of three segments stacked vertically: the bottom segment
represents the current age, the middle segment represents men's remaining years, and the top segment represents the additional re-
maining years for women. A descriptive sentence, 'Average life expectancy naturally increases as we get older, while the gap be-
tween women and men's life expectancies decreases,' is placed above the chart. Labels within the chart identify 'Women's Re-
maining Years', 'Men's Remaining Years', and 'Current Age' segments. Small numeric annotations are placed above select bars.
The given data is: [{'current_age": 0, 'men_remaining_years': 74, 'women_gap_years'": 6, 'men_total expectancy': 74, '
women_total expectancy": 80}, ...]

Figure 35: Case of Stacked Bar Chart.
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PROMPT: Create an infographic that features a title, 'Das verdienen Bundestagsabgeordnete', at the top left, with a subtitle 'Abgeord-
netenentschadigungen der Bundestagsabgeordneten (in Euro)*' directly below. A centered legend below the subtitle identifies two
categories with circle icons: 'Didten (steuerpflichtig)' and 'Kostenpauschale (steuerfrei)'. The main visual is a stepped line chart
with a vertical axis on the left marked with values from 0 to 10.000, and a horizontal axis at the bottom labeled with years from
'92 to '16. Two stepped lines plot the data for the two categories across the years. An annotation box reading '01.07.2017
9.541,74' points to the final data point of the upper line, while another annotation box reading '4.318,38' points to the final data
point of the lower line. A faint line-art illustration of a large building is centered in the background of the chart's plot area.

The given data is: [{'year': 1992, 'category": 'Diéten (steuerpflichtig)', 'value": 5.3}, ...]

Figure 36: Case of Stepped Line Graph.
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PROMPT: Create an infographic that features a large title and subtitle at the top left, with a vertical bar placed to the left of the title.
The main visual element is a treemap chart that occupies the area below the header. This chart is comprised of multiple rectangu-
lar blocks, where the size of each block is proportional to its value. Inside each block, there is text specifying the name of an ap-
plication or category and its corresponding percentage. Some blocks also contain a representative icon positioned near the text
label. The blocks are arranged to fill the chart space, with the largest rectangles positioned in the upper and right sections. The
given data is: [{'application": 'Others', 'percentage": 43.9}, ...]
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Figure 37: Case of Treemap.
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PROMPT: Create an infographic that has a main title at the top left, "Interest in Politics Often Ranks Low", with a subtitle below it
reading, "Share of respondents in selected countries who said that politics* was among their personal interests (in percent)". The
central element is a vertical bar chart displaying data for ten countries. Each bar has its corresponding percentage value labeled
directly above it. Below each bar is a two-letter country code, and under the code is a circular icon representing the country's flag.
Above the entire chart, there is a horizontal row of circular elements, each containing a rank number aligned over its respective
bar. To the right of this row of circles is the label "Rank".

The given data is: [{'country_code': 'DE!, 'percentage": 35, 'rank": 5}, ...]

Figure 38: Case of Vertical Bar Chart.
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PROMPT: Create an infographic that displays a large, central treemap-style area chart with the title 'Foreign Holders OF U.S. DEBT'
in the upper left corner. Each segment of the treemap is sized proportionally to its value and contains a small flag icon, the coun-
try's name, and a value label. A descriptive paragraph, 'Foreign investors held $7.3T in U.S. debt in 2022. This is in the form of
Treasuries, one of the most liquid markets in the world., is located at the top right. Several smaller text blocks, each accompanied
by a simple icon, are placed around the chart. On the right are three blocks: 'As the U.S. dollar strengthened in 2022, foreign
Treasury holdings sank almost 6%, 'A rising U.S. dollar and higher interest rates made owning these bonds less profitable', and
'The Cayman Islands held the sixth-largest stockpile of U.S. debt, at $283.8B.". At the bottom, the text 'In 2022, Brazil shed $23B
in U.S. debt. The country’s high government debt leaves it vulnerable to interest rate hikes.' is on the left, and 'Since 2018, Chi-
na’s U.S. debt holdings have declined 30%, or about $256B." is on the right. Stylized illustrations of people working at desks are
arranged around the perimeter of the chart.

The given data is: [{'country': 'Japan', 'label_value': '$1.1T", 'value_billions': 1100}, ...]

Figure 39: Case of Voronoi Treemap.
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PROMPT: Create an infographic that has a title'Emmanuel Macron: Sieg ohne Triumph' and a subtitle 'Stimmanzahl beim zweiten
Wahlgang der Prisidentschaftswahl in Frankreich 2017' at the top. The main visual is a large waffle chart composed of a grid of
small squares, which is divided into four distinct horizontal blocks stacked vertically. The top block has a label to its left that
reads 'Emmanuel Macron 20,7 Mio.'. The second block has a label to its left that reads 'Marine Le Pen 10,6 Mio.". The third block
has a label to its right that reads 'Ungiiltig 4,0 Mio.". The bottom block has a label to its right that reads '"Nicht-Wéhler 12,0 Mio.".
In the upper right corner, there is a circular, monochrome portrait illustration.

The given data is: [ {'category': 'Emmanuel Macron', 'value': 20.7, 'unit': 'Mio.'}, ...]

Figure 40: Case of Waffle Chart.
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Instructions Given to Human Evaluators

Task Description

You are asked to verify whether a generated infographic satisfies specific requirements. Each
requirement is presented as an independent yes/no question and refers to a single visual or semantic
constraint of the infographic.

Evaluation Procedure

For each question, examine the corresponding infographic and provide a binary answer:
* Yes: the requirement is fully and unambiguously satisfied.
» No: the requirement is not satisfied.

You must base your judgment only on the information visible in the infographic and the content of the
question. Do not rely on external knowledge, assumptions, or prior familiarity with the topic.

Judgment Criteria
A question should be answered No if any of the following conditions apply:
* The required element is missing.
* The element is only partially satisfied.
* The element is present but incorrectly rendered.
* The element is visually ambiguous (e.g., unclear text, distorted shapes, unreadable labels, or
imprecise visual encoding).

If the requirement cannot be clearly verified from the image, you should answer No.
Additional Notes

* Do not infer missing information.
* Do not attempt to correct errors or guess intended content.

Figure 41: Instructions provided to human evaluators for the annotation task.
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Chart Type Detection

You are a Senior Taxonomy Engineer and Visual Data Analyst.

Your Task: Your sole task is to analyze the provided infographic image and extract its meta-
information into a strict JSON format. Your analysis must be meticulous, prioritizing data rigor and
adherence to the specified constraints for downstream filtering and clustering operations.

Requirements:
CHART TYPE CLASSIFICATION (chart_type")

Step 1: Multi-Chart Detection (High Priority)

- Examine the entire image. Does it contain two or more distinct charts or data visualizations?

« Specific Trigger: If the image is a long vertical infographic (containing multiple sections/blocks,
where different sections have their own charts) or a dashboard, you MUST select "Bonus".

« Rule: If multiple charts exist, ignore the specific types of the individual charts and immediately
classify as "Bonus".

Step 2: Single Chart Classification
Only if the image contains exactly one principal chart, select the best specific description from the
Candidate List below.

« Candidate List (Select exactly one): ["Vertical Bar Chart", "Horizontal Bar Chart", "Radial Bar
Chart", "Stacked Bar Chart", "Grouped Bar Chart", "Pictorial Chart", "Histogram", "Lollipop
Chart", "Dot chart", "Diverging Bar Chart", "Dumbbell Plot", "Span Chart", "Bump Chart", "Line
Graph", "Spline Graph", "Stepped Line Graph", "Slope Chart", "Area Chart", "Layered Area
Chart", "Range Area Chart", "Stacked Area Chart", "Radial Area Chart", "Pie Chart", "Donut
Chart", "Semicircle Donut Chart", "Radar Chart", "Scatter plot", "Proportional Area Chart",
"Bubble Chart", "Heatmap", "Waffle Chart", "Alluvial Diagram", "Gauge Chart", "Funnel Chart",
"Pyramid Chart", "Treemap", "Voronoi Treemap", "Bonus"]

Output (Strict JSON):

Provide the result exclusively in the following JSON format. Do not include any explanatory text,
pre-amble, or conversational language.

{ "chart_type":"<selected chart type>" }

Figure 42: Prompt for chart type detection.
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T2l Prompt Construction

You are an expert in infographic content extraction.

Your Task From the uploaded infographic image, extract a generation-ready structural design
description that captures only the factual, visually verifiable elements needed for a text-to-image
model to recreate the infographic.

Important Principles

« Focus strictly on structure, layout, and visual encoding.

« Do not describe aesthetic style, colors, textures, fonts, or background appearance.

« Do not mention logos, watermark icons, data sources, copyright icons, or footnotes.

« Do not infer hidden meaning or add any details not directly visible.

« Do not restate individual numeric values from the dataset.

« All visible textual content in the infographic must be included verbatim.

« The output must be one single paragraph within 10 senetences, beginning with: "Create an
infographic that..." and must end with the sentence: "The given data is: {data}."

What the Structural Description Should Include

Describe only these factual visual components:

1. Overall layout (e.g., title position, chart placement, grouping)

2. Chart type (e.g., pie chart, horizontal bar chart)

3. Data encoding (e.g., bars represent values, labels placed beside elements)

4. Text placement (titles, subtitles, labels, annotations)

5. Decorative or illustrative elements, but only their type and position, not their color or style
(e.g., “an icon of a hand with coins on the right side” — without stylistic details)

Output (JSON ONLY) Return a JSON object in the exact form: {{ "t2i_prompt": "<one-
paragraph structural design description>" } }

Figure 43: Prompt used in T2I prompt construction.
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Question Generation

You will receive a visual description from a T2I prompt (without the data list). Your task is to
convert each sentence into one semantic-fidelity yes/no question.

Rules

« Split the description into separate sentences (each sentence is a ground).

« For each ground, write one visually verifiable yes/no question.

« Keep all specific visible text (titles, labels, annotations, etc.) exactly as written.

« If a ground contains an ambiguous pronoun (e.g., "this section", "this chart", "it", "they"),
rewrite the question so that it becomes fully self-contained and does not rely on context.

Example (with mandatory self-contained rewriting)
Visual description: The right section presents a vertical bar chart with years labeled along the
horizontal axis. In this chart, each bar contains its numerical value inside it.

Expected output:

[ {{ "ground": "The right section presents a vertical bar chart with years labeled along the
horizontal axis.", "question": "Does the right section present a vertical bar chart with years labeled
along the horizontal axis?" }},

{{ "ground": "In this chart, each bar contains its numerical value inside it.", "question": "In the

vertical bar chart, does each bar contain its numerical value inside it?" }} ]

Now process this visual description:
{visual_description}

Output format (Only JSON)

{{ "ground": "...", "question": "..." }}

Figure 44: Prompt for question generation.
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Question Type Classification

You are an expert infographic analyst.

Your task is to classify a single semantic verification question into exactly one primary infographic element
category. You must choose the category that represents the dominant visual element being verified by the
question.

Do not assign multiple categories.

Do not explain your reasoning.

Do not output anything other than the category name.

Allowed Output Categories

You must choose exactly one category from the following list: [Title & Subtitle Chart / Diagram Type, Data
Marks, Data Encoding, Axes & Scales, Legend & Category Mapping, Annotations & Callouts, Decorative
/ Non-data Elements]

You must output the category name exactly as written. You must NOT output anything else. Any output that is
not exactly one of the names above is invalid.

Category Definitions

« Title & Subtitle: the main title or subtitle of the infographic. Includes the text content and its placement as
a single visual element.

¢ Chart / Diagram Type: the overall chart or diagram form. Examples include Sankey diagrams, bar charts,
donut charts, maps, timelines, dot plots, dumbbell charts, and similar structures.

» Data Marks: primary visual objects that directly represent data. Examples include nodes, bars, circles, dots,
areas, blocks, bands, or map regions. The visual object, its label, and its relative placement are treated as a

single element.

» Data Encoding: how data values are mapped to visual properties. Examples include size, width, color,
position, direction, magnitude, or sign (positive vs. negative).

* Axes & Scales: Axes, tick marks, gridlines, zero lines, and scale labels. Includes both horizontal and
vertical axes.

+ Legend & Category Mapping: legends or keys that explain how colors, shapes, or symbols correspond to
categories or groups.

* Annotations & Callouts: numeric labels, explanatory text, callout boxes, or textual annotations that are not
part of axes or legends.

* Decorative / Non-data Elements: icons, illustrations, background graphics, or visual elements that do not
directly encode data.

Input Format

Question:
{semantic_question}

Output Format
<category name>

Figure 45: Prompt for question type classification.
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Question Augmentation From Seed Question

You will receive a data-aware design draft from a T2I prompt (with source data).

Your task is NOT to invent arbitrary questions. Instead, you must instantiate four fixed data-fidelity seed
requirements into four chart-specific, visually verifiable yes/no questions.

Each question should be a concrete rewriting of one seed, conditioned on the content of the infographic
described in the prompt.

Data-Fidelity Seed Requirements (FIXED)
For each chart, you must generate exactly four questions, corresponding to the following four seeds:

Seed 1: Data completeness & coverage
« All required data items from the source data appear in the chart.
« No extra data items appear that are not present in the source data.

Seed 2: Annotations & Callouts (Conditional)
Generate this seed ONLY IF the design draft explicitly specifies numeric labels, percentages, counts, or axis
values that are expected to appear as text in the chart.

« Verify that all numeric labels, annotations, or axis values shown in the chart are internally consistent as
written, without obvious textual or numerical contradictions (e.g., inconsistent labels, impossible totals,
conflicting numbers).

« If the design draft does NOT specify numeric labels or values, do NOT generate a Seed 2 question.

Seed 3: Ordering (Conditional)
Generate this seed ONLY IF the design draft explicitly specifies an intended ordering or ranking (e.g., “sorted

CLINTY3 EEINT3

from largest to smallest”, “top-ranked categories”, “in descending order”).

« Verify that the visual order shown in the chart matches the intended ordering described in the design draft. If
the design draft does NOT specify any ordering or ranking, do NOT generate a Seed 3 question.

Seed 4: Data Encoding (Magnitude & proportion)

e The visual encoding should preserve the relative magnitudes and proportional relationships
implied by the data (e.g., larger differences should appear visually larger).

e Visual scaling should not introduce severe distortion of relative differences (e.g., vastly different
values appearing nearly equal, or modest differences appearing exaggerated). - Strong inversions or
clear proportional contradictions in the visual encoding should be treated as failures.

Rules
e The infographic may contain multiple charts. You must generate questions per chart.
e For each chart, generate 2—4 questions:

e Always generate Seed 1 and Seed 4 (so at least 2 questions per chart).

e Do not introduce new requirements beyond the four seeds.

e Do not write one question per data row; questions must be chart-level.
e Each question must be answerable by visually inspecting the chart.
o All questions must be strictly self-contained: they must be answerable using only what is visible
in the infographic (visual marks, labels, legends, text, etc). Do NOT use or reference phrases that
imply external comparison or external evidence (e.g., “source data”, “original data”, “according to
the data”, “from the dataset”, etc).

Input data-aware design draft: {t2i prompt}
Output format (JSON ONLY)

[ {{ "ground": "Seed <n>: <one instantiated data-fidelity requirement derived from a seed>",
"question": "<a concrete yes/no question verifying this requirement>" }} ]

Figure 46: Prompt used for question augmentation from seed questions.

36953



LLM Evaluation

You are a strict factual evaluator.

Your task: Inspect the infographic image (provided separately) and answer the binary factual
question below.

Rules:

« Answer 1 ONLY if the requirement is clearly satisfied in the image.

« Answer 0 if the requirement is NOT satisfied, unclear, ambiguous, partially met, or cannot be
confirmed.

« No partial credit. Ambiguity = 0.

« Base your judgment ONLY on visible evidence in the infographic.

« Even if the image is empty, blank, corrupted, unreadable, or clearly incorrect, you MUST still
output a valid JSON object following the required format. In such cases, the answer should be 0.

FACTUAL QUESTION: {question}

Output Format (JSON ONLY):
{{ "analysis": "<your reasoning based strictly on what is visible>", "answer": "<0 or 1>" }}

The response must contain only valid JSON.

Figure 47: Prompt used in LLM evaluation.
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