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Abstract

Faithful chart generation in real-world data-
science workflows requires grounding visu-
alizations in scattered evidence, computing
chart-ready quantities, and rendering them ac-
curately. Modern LLMs can produce visu-
ally plausible, instruction-compliant charts, yet
data-level hallucinations remain difficult to de-
tect in long, noisy, and multimodal contexts. To
measure this gap, we introduce DEEPCHART,
an expert-annotated benchmark of 1,482 task-
conditioned chart-generation instances drawn
from real-world scientific papers, financial fil-
ings, and ecosystem reports. DEEPCHART for-
mulates chart generation as an Extract-Reason—
Visualize pipeline and evaluates source-data
extraction, derived-data reasoning, and chart
rendering stage by stage. Experiments with
state-of-the-art models show that visually plau-
sible charts often conceal data-level halluci-
nations, with extraction and reasoning errors
common in realistic long and multimodal set-
tings. These findings suggest that larger con-
text windows alone are insufficient; faithful
chart generation also requires reliable evidence
extraction and quantitative reasoning before
rendering. Our benchmark and associated
resources are available at https://github.
com/tangdouer1005/DeepChart.

1 Introduction

Charts are a primary medium for communicating
data-science findings (Munzner, 2025). In real-
world workflows, however, producing a faithful
chart is rarely a matter of plotting a ready-made ta-
ble. An analyst must sift through extensive, hetero-
geneous documents, extract scattered data points,
apply non-trivial transformations, and only then
render the result as a visualization. As LLMs are in-
creasingly used as data-analysis agents (Singh et al.,
2025; Jin et al., 2025), their outputs must move be-
yond textual answers to communicate derived find-

ings through faithful visualizations (Huang et al.,
2025; Dong et al., 2025). This raises a challenge
that is easy to overlook: the data faithfulness
of a chart cannot be observed from the chart it-
self. A figure rendered from mis-extracted or mis-
computed numbers can still look visually plausi-
ble. The act of rendering conceals the errors that
precede it. We call such surviving errors hidden
hallucinations: subtle mistakes in extraction or
reasoning that pass through rendering and evade
conventional, appearance-based evaluation.

Current chart-generation benchmarks are ill-
equipped to expose hidden hallucinations because
they often map clean inputs directly to final charts
and score only the endpoint. As summarized in
Table 1, this gap appears in three aspects. (1) Pre-
digested inputs. Existing benchmarks supply clean
tables or short snippets rather than the large, hetero-
geneous, multimodal documents of real analysis,
removing or simplifying the stages where hidden
hallucinations originate. (2) Missing intermediate
data references. Generation is treated as a one-shot
prompt-to-chart mapping, with no reference source
values or derived quantities for inspecting what
happened before rendering. (3) Endpoint evalua-
tion. Consequently, final-chart scoring can neither
verify the underlying numbers nor localize failures
to extraction, reasoning, or rendering.

To detect hidden hallucinations, we model
chart generation as a multi-stage analytical
pipeline that captures key data-science bottle-
necks, as illustrated in Figure 1. Inspired by
the classical ETL (Extract—Transform—Load)
workflow (Khan et al., 2024), we decompose this
pipeline into Extract (retrieve intent-relevant evi-
dence), Reason (derive chart-ready quantities), and
Visualize (render faithful charts). This decompo-
sition enables failure isolation across extraction,
reasoning, and visualization.

Building on this formulation, we intro-
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Figure 1: DEEPCHART task overview. Compared with visualize-only chart benchmarks, DEEPCHART evaluates
chart generation as an Extract—-Reason—Visualize pipeline over long multimodal documents.

duce DEEPCHART, an expert-annotated bench-
mark for faithful data-science chart generation.
DEEPCHART contains task-conditioned context-
query instances drawn from real-world documents
across text and multimodal protocols. Its text in-
puts average 220.6K tokens, its multimodal re-
port inputs average 218 pages, and the average in-
stance draws on 317.6 context-sourced data points.
Beyond direct data-to-visual mapping, each in-
stance requires the ERV pipeline: models must
extract intent-relevant evidence, derive chart-ready
data, and then render the chart. We instanti-
ate this design across Academic-Normal/Long,
Finance-Normal/Long/Ultra-Long, and Ecosystem
report-level multimodal settings, covering both
context-scale variation and native multimodal doc-
ument inputs. To expose hidden hallucinations,
DEEPCHART provides stage-by-stage evaluation
aligned with the ERV pipeline: Source Data Fi-
delity for extraction, Derived Data Fidelity for
reasoning, and Visual Accuracy Score (VAS) for
rendered-chart faithfulness.

Zero-shot evaluation on DEEPCHART shows that
(1) visually plausible charts often conceal data-
level hallucinations, (2) models struggle with both
Extract and Reason stages, and (3) full-document
inputs further degrade end-to-end faithfulness, sug-
gesting that larger context windows alone are insuf-
ficient. In summary, our contributions are:

* Task formulation. We formalize data-science
chart generation as an ERV pipeline, exposing
the coupled challenges of evidence retrieval, ana-
lytical reasoning, and faithful rendering.

* DEEPCHART benchmark. We release an
expert-annotated benchmark over long-text and

report-level multimodal contexts, with references
and metrics for source values, derived quantities,
and final charts.

* Empirical findings. We show that SOTA models
suffer from hidden hallucinations, persistent ex-
traction and reasoning challenges, and degraded
faithfulness under full-document inputs.

2 Task Definition

Given a long, heterogeneous analytical context C
and a natural-language chart intent (), the task is to
generate a faithful data-science chart. The context
may contain textual descriptions, tables, figures, or
document pages, and the chart intent specifies the
analytical goal and desired visualization. Unlike
direct prompt-to-chart generation, the pipeline is
expected to expose the data path that supports the
final visualization: the source values extracted from
the context, the chart-ready quantities derived from
those values, and the executable visualization that
renders them.

We formulate this process as an Extract—-Reason—
Visualize (ERV) pipeline:

Dy, < Extract(C, Q), €))
Dger + Reason(Dsrm Q)a (2)
(P, G) «+ Visualize(Dgyc, Dger, Q). (3)

Here, Dg,.. denotes extracted source data, Dy, de-
notes derived chart-ready data, P denotes the exe-
cutable chart-generation program, and G denotes
the rendered chart.

We define the auditable intermediate state as
J = (Dgpc, Dger). Exposing J makes a gener-
ated chart traceable: we can verify whether it is



Method Input Setting Task Requirement Evaluation Granularity
Context Modality Real-doc Retrieval Reasoning Visual Stage-by-stage
Text2Chart31 (Pesaran Zadeh et al., 2024) <16K Txt+Tab X X X v X
MatPlotBench (Yang et al., 2024) <32K Tab X X v v X
Text2Vis (Rahman et al., 2025) <2K Tab X v v 4 X
C?/ChartUIE-8K (Koh et al., 2025) <32K Tab X X v v X
Doc2Chart (Jain et al., 2025) <32K* Txt+Tab v v v v X
Infogen (Ghosh et al., 2025) <2K* Txt X v X v X
PlotCraft (Zhang et al., 2026) <128K* Tab v X v v X
DEEPCHART 220K tokens / Txt+Tab+Img v v v v v

218 pages .avg

Table 1: Comparison with existing chart-generation benchmarks. Context reports approximate input scale;
starred values are estimated when complete statistics are unavailable. Retrieval means locating task-relevant data
in complex contexts; Reasoning means deriving chart-ready quantities from extracted data. Real-doc indicates
contexts are constructed from real-world documents, and Stage-by-stage indicates evaluation of intermediate data

rather than only the final chart.

grounded in the correct source values and whether
those values are transformed into the correct chart-
ready quantities before rendering. This enables
stage-by-stage evaluation across the Extract, Rea-
son, and Visualize stages, rather than assessing only
the final chart. With this design, DEEPCHART can
distinguish extraction, reasoning, and visualization
failures, thereby exposing hidden hallucinations.

3 Benchmark: DEEPCHART

To capture diverse real-world chart-generation
workflows, DEEPCHART spans three domains with
distinct sources, modalities, and bottlenecks. The
Academic domain uses scientific papers and sup-
plementary materials, stressing evidence localiza-
tion, statistical reasoning, and faithful scientific vi-
sualization. The Finance domain uses long, table-
heavy company 10-K filings, stressing cross-table
aggregation and multi-hop derivation of financial
metrics. The Ecosystem domain uses market in-
telligence and startup ecosystem reports that mix
textual, tabular, and visual evidence, stressing mul-
timodal evidence integration and reasoning. These
domains are selected to vary both input scale and
evidence form, from text-centered scientific and
financial documents to page-level multimodal re-
ports. Together, these domains cover three recur-
ring bottlenecks: statistical derivation, long-context
aggregation, and multimodal evidence integration.

Each DEEPCHART instance consists of model-
facing inputs (C, Q) and hidden evaluation ref-
erences: an auditable intermediate state Jgp =
(Dsres Dger), an executable reference program
P, and a rendered reference chart Ggr. This
design entails two construction requirements: in-
puts must preserve the complexity of real-world

data-science workflows, where evidence is scat-
tered across long, heterogeneous, and sometimes
multimodal documents; references must expose an
auditable data path from source evidence to derived
quantities and the final chart. Figure 2 summarizes
our expert-verified pipeline, from source collec-
tion and context-query construction to reference
construction and quality control.

3.1 Task Input Construction

We construct the task input (C, @)) in three steps:
collecting and filtering source documents, convert-
ing them into standardized contexts C, and pairing
each context with a chart intent Q).

Source collection and filtering. We manually
collect source documents from publicly available
repositories and official filings. For the Academic
domain, we retrieved academic papers along with
their supplementary materials. Finance domain
documents consist of company 10-K filings in PDF
format. The Ecosystem domain includes market
intelligence and startup ecosystem reports.

We manually filter these sources to remove low-
quality and unsuitable documents. Specifically, we
exclude documents that are too short, lack sufficient
quantitative information, or contain evidence that
is insufficiently dispersed. The remaining sources
thus provide the complexity required to construct
challenging DEEPCHART tasks.

Query construction. From each retained source,
experts construct standardized chart intents Q cor-
responding to the evidence provided in the docu-
ment. In the Academic domain, experts first iden-
tify the target charts in the papers. They then
formulate queries based on the chart and its sur-
rounding context. For the Finance and Ecosystem
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Figure 2: Expert-verified benchmark construction. Experts validate source selection, query design, reference
data, executable code, and rendered charts. Each final instance contains a model-facing context-query pair and
hidden references for stage-wise evaluation of extraction, reasoning, and visualization.

domains, experts systematically identify all avail-
able quantitative evidence in each report, including
direct indicators, tables, textual statistics, and vi-
sual elements. Based on these evidence pools, they
formulate analytical queries that require deriving
quantities through multi-hop reasoning prior to vi-
sualization. During query design, experts ensure
that each task draws on evidence that is abundant,
widely distributed, and, when applicable, spans
multiple modalities, tables, or documents.

Context construction. Given a query (), we
build a task-conditioned context C' that is answer-
able, leakage-controlled, and directly consumable
by LLMs. Specifically, C' must contain the evi-
dence needed to solve @, exclude target artifacts
such as the reference chart, and be converted from
the original PDFs into text or images.

For text-domain tasks, documents are converted
to text using PaddleOCR-VL (Cui et al., 2025), and
we further create context-scale variants to probe
how context length affects the ERV pipeline.

In Academic, the original papers contain target
charts. After OCR conversion, the paper is text-
only, so the chart image is not exposed and does
not cause data leakage. To keep the task answer-
able, experts then identify the experimental data
corresponding to each target chart and insert them
as a structured data block at the original chart loca-
tion. The Normal setting contains the experimental
data required for chart construction, while the Long
setting adds the full paper text.

In Finance, experts first select the company fil-
ings required by each query. Since a 10-K filing

often reports indicators for two or three fiscal years,
we remove redundant filings with overlapping cov-
erage while ensuring that the query remains an-
swerable. The Normal setting keeps only the tables
that contain the required source values. The Long
setting adds text from the 20 rows above and below
each table. The Ultra-Long setting uses all selected
full 10-K filings.

For multimodal-domain Ecosystem, PDF pages
are converted into images, forming a native report-
level multimodal context for visual models.

The resulting benchmark contains 1,482 context-
query instances. Text-domain queries may be
paired with multiple context-scale variants, while
the query and evaluation references remain fixed.
Detailed statistics are reported in Appendix A.

3.2 Auditable Ground Truth Construction

DEEPCHART evaluation requires references be-
yond the final chart. For each task (C,Q), we
construct references for every stage of the Extract—
Reason—Visualize pipeline. The source data Dg.
captures the output of the Extract step, and the de-
rived data Dy, captures the output of the Reason
step. The executable program Pgt and rendered
chart Gg correspond to the Visualize step.

Evidence Extraction. Given the context C' and
query @, expert annotators identify the source val-
ues required to answer the task and organize them
as Dg.. These values may originate from text,
tables, or visual evidence, as appropriate to the
domain.

Data Reasoning. Based on the requirements
specified by (), expert annotators implement a



Python script to transform Dy, into derived quanti-
ties Dyer. This script encodes the necessary reason-
ing (e.g., aggregation, normalization, ratio calcula-
tions, delta computation, grouping, and cross-year
comparisons), making the derivation from source
to derived values fully reproducible.

Reference Chart Construction. Using Dy,
Dger, expert annotators create an executable refer-
ence program Pgt. Executing PgT produces the
reference chart GqT, which is verified to ensure
that it can solve the task (C, @)) faithfully.

LLMs may assist in drafting code, but only as a
drafting tool. They are not treated as authoritative
sources for ground truth. Expert annotators verify
source data, derived data, code, and rendered charts
before inclusion in the benchmark.

3.3 Quality Control

DEEPCHART was constructed and verified by five
expert annotators whose expertise spans data vi-
sualization, document understanding, quantitative
analysis, scientific literature, and financial-report
analysis. Here, expert annotator denotes a mem-
ber of this team; primary annotator, independent
verifier, and senior reviewer denote QC roles.
Each instance is authored by a primary expert
annotator and independently reviewed by an ex-
pert verifier across input, data, code, and chart.
The verifier checks that (C, ()) is answerable and
leakage-free, that Dy, is evidence-supported, that
Dyger is reproducibly derived from Dy,., and that
executing Pgr yields a chart Ggr consistent with
the intended data and visual specification. Am-
biguous cases are discussed with a senior expert
reviewer; unverifiable instances are discarded, and
correctable local issues are revised and rechecked.

4 Evaluation Framework

We evaluate faithful data-science chart genera-
tion with stage-by-stage metrics aligned with the
ERV pipeline. The framework reports Source
Data Fidelity for extraction (F gc), Derived Data
Fidelity for reasoning (F7 ger), Visual Accuracy
Score (VAS) for visualization, and Execution Rate
(ER) as an auxiliary measure of rendering success.
Extract: Source Data Fidelity. /7 ¢, measures
recovery of query-relevant numerical evidence by
normalized numeric matching against reference
source values, independent of JSON formatting.
Reason: Derived Data Fidelity. /| ., uses the
same matching to evaluate chart-ready quantities

derived from the source data, capturing errors in
aggregation, normalization, ratio calculation, and
cross-year comparison.

Both metrics operate at the value level: they ex-
tract normalized numeric leaves from predicted and
reference JSON objects and perform one-to-one
matching without key- or structure-level alignment.
Thus, they measure numerical value recovery rather
than full semantic alignment.

Visualize: Visual Accuracy Score. For each
benchmark instance, we generate and cache binary
verification questions from the reference chart and
query. The questions cover three aspects: instruc-
tion compliance, data-mapping topology, and pre-
sentation quality. A VLM judge answers these
questions for each model-generated chart, and VAS
is the average pass rate:

N

VAS = % Z; 1(Rubric; = Pass).  (4)
Execution Rate (ER). ER is the percentage of
test instances for which the generated visualization
program successfully produces a valid chart image.
Appendix B.2 provides implementation details
for data-fidelity matching, VAS rubric generation,
judge models, and execution checks; Appendix B.4

reports VAS reliability validation.

S Experiments

5.1 Experimental Setup

We evaluate DEEPCHART under two protocols.
The text-domain protocol covers Academic and
Finance, using the context-scale variants de-
fined in Section 3: Academic-Normal/Long and
Finance-Normal/Long for the main benchmark,
with Finance-Ultra-Long evaluated separately as a
stress test in Section 5.3. The multimodal-domain
protocol covers Ecosystem, where models receive
report pages as images and are evaluated under the
native report-level setting.

For the text-domain protocol, we evaluate four
proprietary models (GPT-5.2 (OpenAl, 2025),
Claude 4.5 Opus (Anthropic, 2025), Gemini 3
Pro (Google, 2025a), and Gemini 3 Flash (Google,
2025b)) and four open-weight models (DeepSeek-
V3.2 (DeepSeek-Al et al., 2025), GLM-4.7 (Team
et al., 2025), Qwen3-235B-A22B-thinking (Team,
2025), and Kimi-K2-Thinking (Moonshot Al,
2025)). For the multimodal-domain protocol,
we retain the same proprietary models and



Metric | Finance ‘ Academic
Model ER  Fioc Fige VAS | ER  Fige Fiae VAS
Normal Context Settings
Proprietary Models
GPT-5.2 0.8415 0.4084 0.2948 0.5265 | 0.6685 0.7181 0.1994 0.4948
Claude 4.5 Opus 0.8908 0.4006 0.1771 0.5710 | 0.7697 0.7855 0.2273  0.6002
Gemini 3 Pro 0.6268 0.4984 0.4162 0.3982 | 0.3989 0.7544 0.2674 0.2992
Gemini 3 Flash 0.8556 0.4849 0.4769 0.5398 | 0.5730 0.7686 0.2681 0.4167
Open-weight Models
DeepSeek-V3.2 04225 02107 0.0825 0.2313 | 04775 0.6616 02373 0.3274
GLM-4.7 0.3415 0.3742 0.2453 0.1863 | 0.3315 0.6252 0.1800 0.2225
Kimi-K2 0.7606 0.4314 0.1930 0.4472 | 0.5562 0.5022 0.2179 0.3859
Qwen3-235B 0.8627 0.2738 0.1046 0.4686 | 0.8034 0.7123 0.2895 0.5291
Long Context Settings
Proprietary Models
GPT-5.2 0.8627 0.4158 0.3237 0.5387 | 0.6854 0.6066 0.1775 0.5238
Claude 4.5 Opus 0.8592  0.4127 0.2325 0.5330 | 0.7809 0.6163 0.1868 0.5945
Gemini 3 Pro 0.7606  0.4587 0.2915 04716 | 0.3820 0.6870 0.2158 0.2888
Gemini 3 Flash 0.8592 0.4817 0.4840 0.5474 | 0.5281 0.6422 0.2278 0.3938
Open-weight Models
DeepSeek-V3.2 0.5000 0.1936  0.0640 0.1557 | 0.3539 0.4401 0.2366 0.2450
GLM-4.7 0.3838 0.2486 0.1246 0.1739 | 0.4663 0.5521 0.2037 0.3170
Kimi-K2 0.5106 0.4268 0.1587 0.2993 | 0.6517 0.6617 0.1787 0.4696
Qwen3-235B 0.9085 0.2882 0.0560 0.3535 | 0.6854 0.5985 0.2402 0.4610

Table 2: Text-domain results on Academic and Finance under Normal and Long context settings.

Ecosystem
Model ER Fl,src Fl,der VAS
Shared Models
GPT-5.2 0.7031 0.0207 0.0386 0.1589
Claude 4.5 Opus | 0.9609 0.1792 0.2832  0.6963
Gemini 3 Pro 09844 0.1965 0.4529 0.7427
Gemini 3 Flash 0.6133  0.2167 0.4107 0.4055
Additional Models
Qwen3.6-Plus 0.9688 0.2122 0.4088 0.5984
Qwen3.6-Flash 0.8047 0.1472 0.2633 0.2387
Kimi-2.6 0.6875 0.1564 0.2796 0.4998
Qwen3-VL-30B | 0.5352 0.0648 0.0746 0.2358

Table 3: Multimodal-domain results on Ecosystem
under the native report-level setting.

add four multimodal-capable models (Qwen3.6-
Plus (Team, 2025), Qwen3.6-Flash (Team, 2025),
Kimi-2.6 (Team et al., 2026), and Qwen3-VL-30B-
A3B-Thinking (Bai et al., 2025)).

All experiments are zero-shot. We report
Source Data Fidelity (F ), Derived Data Fidelity
(F1 der), Visual Accuracy Score (VAS), and Execu-
tion Rate (ER), as defined in Section 4. Implemen-
tation details, prompt templates, model versions,
and VAS validation are provided in Appendix B.1.

5.2 Main Benchmark Results

Tables 2 and 3 report the main results under the text-
domain and multimodal-domain protocols. Across
both protocols, current models remain far from
reliable faithful chart generation under our zero-
shot ERV setting. The results breakdown reveals
three patterns that output-only evaluation would
obscure. (1) Executability does not guarantee vi-
sual faithfulness. In the Ecosystem domain, mod-
els achieve average ER (0.782), but average VAS
is only 0.447. This shows that a generated program
may execute successfully while the resulting chart
still fails to satisfy the intended visual specification.
(2) Visual faithfulness does not guarantee data
faithfulness. Even when charts appear visually
plausible, their underlying data path may be incor-
rect. In Ecosystem, average VAS (0.447) is substan-
tially higher than average F7 4 (0.149) and aver-
age 1 ger (0.276), showing that visually acceptable
charts can still rely on incorrect source or derived
data. (3) Reliable extraction does not guaran-
tee correct reasoning. In Academic, models re-
cover source values relatively well, with average
F1 s (0.691/0.601 under Normal/Long), but aver-
age I ger remains much lower (0.236/0.208). This



Finance-Ultra-Long

Model ER Fl,src Fl,dcr VAS
Proprietary Models

GPT-5.2 0.9200 0.1830 0.1930 0.3785
Claude 4.5 Opus | 1.0000 0.1726 0.1179  0.3800
Gemini 3 Pro 04600 0.4421 0.3178 0.2969
Gemini 3 Flash 0.8000 0.4197 0.4182 0.4592
Open-weight Models

DeepSeek-V3.2 | 0.2600 0.0237 0.0179  0.1000
GLM-4.7 0.2200 0.0324 0.0211 0.3200
Kimi-K2 0.5400 0.0460 0.0214 0.1554
Qwen3-235B 0.1200 0.0167 0.0048  0.0600

Table 4: Stress test on Finance-Ultra-Long setting.

indicates that extracting relevant evidence does not
ensure correct chart-ready derivation. Together,
these results show why stage-by-stage evaluation
is necessary. By separately measuring execution,
visualization, source extraction, and derived reason-
ing, DEEPCHART exposes hidden hallucinations
that final-output-only evaluations would miss.

The results also reveal domain-specific bottle-
necks. Finance stresses long-context aggregation:
moving from Normal to Long produces modest but
consistent drops in average VAS (0.421 to 0.384)
and average F1 ger (0.249 to 0.217), suggesting that
additional filing context increases the difficulty of
retrieval and derivation. Academic stresses sci-
entific derivation: models recover source values
relatively well, with F7 g reaching up to 0.785,
but Fy ger remains below 0.240, showing difficulty
in transforming raw experimental evidence into
chart-ready quantities. Ecosystem stresses multi-
modal grounding and reasoning: despite average
ER (0.782), models achieve only average Fi grc
(0.149) and average F ger (0.276). Together, these
patterns show that DEEPCHART evaluates long-
context retrieval, scientific derivation, multimodal
grounding, and rendering within a unified chart-
generation benchmark.

5.3 Impact of Ultra-Long Context

We evaluate Finance-Ultra-Long as a separate
stress test. Beyond Finance-Normal/Long in Ta-
ble 2, this setting provides full 10-K filings as input.
Because full-filing inference is costly, we evaluate
a fixed 50-instance subset sampled from Finance-
Ultra-Long. Appendix B.3 describes the sampling
procedure and representativeness analysis.

Table 4 reports the Finance-Ultra-Long results,
and Figure 3 shows how performance changes as

@ Gemini-3-flash gpt-5.2 kimi k2 thinking @ Qwen 3 235B A22B

(a) Source Data Extraction (b) Derived Data Reasoning

F1 Score
0.5
0.54
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I
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Figure 3: F1 score trends: (a) Source Data Extraction
and (b) Derived Data Reasoning as context scales from
Normal to Ultra-Long. We visualize 2 proprietary and
2 open-weight models. Detailed results for all eight
evaluated models are provided in Table 4.

Finance contexts scale from Normal to Ultra-Long.
Moving from Normal to Long causes only limited
fluctuation, suggesting that adding local context
around evidence tables has a modest effect. In
contrast, Ultra-Long inputs produce a clear drop
and larger model divergence. Averaged over all
evaluated models, VAS decreases from 0.421 in
Normal to 0.269 in Ultra-Long, F} 4 drops from
0.385 to 0.167, and F} ger drops from 0.249 to
0.139. Full-report financial inputs therefore make
both extraction and reasoning substantially harder
than table-centered contexts.

The Ultra-Long degradation is consistent with
two possible mechanisms. First, full filings may
exceed a model’s usable input budget, causing rel-
evant tables or textual cues to be truncated be-
fore extraction and reasoning. Second, even when
the required evidence is retained, full filings intro-
duce substantial irrelevant context, including tables,
notes, and accounting details. This evidence dilu-
tion makes it harder to localize sparse task-relevant
values and compose them correctly. These results
suggest that, in full-document financial settings,
longer context windows alone do not guarantee
faithful chart generation; models also need robust
evidence localization and quantitative reasoning
over noisy documents.

5.4 Comparison of Rendering Modalities

After evaluating the full ERV pipeline, we fur-
ther isolate the Visualize stage. This allows us
to study how rendering backend affects chart faith-
fulness when the data path is fixed. Instead of
re-running Extract and Reason, we provide each
model with the same extracted and derived data
(Dsre, Dger) and evaluate three rendering settings:
Python, HTML, and a free-choice setting where



Model ER VAS

Py HTML Py HTML
Proprietary Models
GPT-5.2 0.765 0.983 0.521 0.573
Gemini-3-flash 0.704 0931 0474 0.559
Open-weight Models
Qwen3-235B 0.815 0.854 0453 0.379
Kimi-k2-thinking 0.620 0.623 0.401 0.357

Table 5: Performance comparison between rendering
backends. Data represents the average metrics across
Academic-Normal/Long and Finance-Normal/Long.

the backend is not specified.

Table 5 reports the controlled comparison be-
tween Python and HTML. For proprietary models,
HTML improves both execution and visual accu-
racy: average ER increases from 0.735 to 0.957,
and average VAS increases from 0.498 to 0.566.
For open-weight models, ER remains similar across
backends, but average VAS drops from 0.427 with
Python to 0.368 with HTML. Thus, backend choice
affects not only executability but also visualiza-
tion faithfulness, and the preferred backend differs
across model families.

We further conduct a free-choice setting under
the same visualization-only setup, but without spec-
ifying the rendering backend. This experiment is
performed on the text-domain visualization sub-
set used in Table 5: for each of the four text set-
tings (Finance-Normal, Finance-Long, Academic-
Normal, and Academic-Long), we randomly sam-
ple 50 instances and evaluate all eight text-domain
models, yielding 1,600 trials in total. Given the
same (Dgpc, Dger) input, models choose Python
in 1,591 cases (99.4%), revealing a strong tool-
selection bias toward Python. This preference
is suboptimal for proprietary models, for which
the controlled experiment shows higher VAS with
HTML, but it is more consistent with the weaker
HTML performance of open-weight models.

6 Related Work

Chart generation and evaluation. Automatic
visualization has progressed from recommend-
ing or synthesizing charts from structured tables
and analytic specifications to LLLM-based chart
authoring from natural-language instructions, ta-
bles, and analysis intents (Hu et al., 2018; Dibia
and Cagatay Demiralp, 2018; Zhou et al., 2021;
Narechania et al., 2021; Dibia, 2023; Wang et al.,
2023; Tian et al., 2025; Chen et al., 2024). Recent
benchmarks such as MatPlotBench, Text2Chart31,

C2/ChartUIE, and PlotCraft further evaluate in-
struction following, executable code generation,
and visual rendering quality (Yang et al., 2024; Pe-
saran Zadeh et al., 2024; Koh et al., 2025; Zhang
et al., 2026; Luo et al., 2021; Rocco et al., 2020).
Parallel work on chart understanding, chart-to-
code, and chart grounding studies how models read,
reproduce, or verify existing charts (Masry et al.,
2022; Liu et al., 2023; Yang et al., 2025; Bansal
etal., 2025; Kafle et al., 2018; Methani et al., 2020).
These studies provide important foundations for vi-
sual synthesis. However, most settings assume that
task-relevant data are already localized, structured,
or encoded in an input chart, leaving open whether
a generated chart is faithfully grounded in evidence
scattered across long documents.

Document-grounded visualization and data
analysis. Closer to our setting, recent work gen-
erates charts or infographics from textual and doc-
ument contexts, including ChartifyText, Text2Vis,
Infogen, Doc2Chart, and DV-World (Zhang et al.,
2024; Jain et al., 2025; Ghosh et al., 2025; Rah-
man et al., 2025; Meng et al., 2026). LLM-based
data-analysis agents also study data cleaning, code
generation, statistical reasoning, tool use, and long-
context or multimodal evidence integration (Lai
et al., 2022; Hu et al., 2024; Huang et al., 2024;
Hong et al., 2024; Jing et al., 2025; Li et al., 2026).
Related benchmarks on table-text numerical reason-
ing and document VQA similarly stress evidence
retrieval and quantitative reasoning over financial
reports, tables, document images, infographics, and
slide decks (Chen et al., 2022; Zhu et al., 2021;
Tanaka et al., 2023), but they generally return tex-
tual or numerical answers rather than executable,
evidence-grounded charts. Yet existing visualiza-
tion and data-analysis benchmarks usually evaluate
either the final visual artifact or the final analysis
output. The intermediate data path from retrieved
evidence to chart-ready quantities is rarely made
explicit, making it difficult to identify whether fail-
ures arise from missing evidence, incorrect deriva-
tion, or flawed rendering. DEEPCHART targets this
missing intersection: faithful data-science chart
generation over long and multimodal contexts.

7 Conclusion

We introduced DEEPCHART, an expert-annotated
benchmark for faithful data-science chart gen-
eration over task-conditioned contexts derived
from real-world scientific papers, financial filings,



and ecosystem reports. With an Extract—-Reason—
Visualize formulation, DEEPCHART enables stage-
by-stage evaluation of extraction, reasoning, and
visualization. Under a zero-shot ERV evaluation
protocol, experiments show that current models can
produce visually plausible charts while still failing
along the underlying data path, highlighting the
need for better evidence localization, quantitative
reasoning, and traceable visualization.

Limitations

DEEPCHART has several limitations. First, al-
though it covers three representative domains—
Academic, Finance, and Ecosystem—its scope
does not exhaust all data-science chart-generation
scenarios. Second, our data-fidelity metrics use nor-
malized value-level matching to accommodate di-
verse model-generated schemas; this design makes
evaluation robust to formatting variation, but the
resulting F'lg,. and F'14e, scores should be inter-
preted as approximate indicators of numerical faith-
fulness rather than full semantic equivalence. Third,
because each instance requires expert verification
of source values, derived quantities, executable
code, and rendered charts, DEEPCHART prioritizes
annotation quality and auditability over very large
scale. Future work can extend the benchmark to
more domains and larger collections while preserv-
ing the same verification standard.
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A Benchmark Statistics

This appendix summarizes the scale and composi-
tion of DEEPCHART. Table 7 reports the overall
benchmark size, including the number of domains,
queries, instances, chart types, and query types.
It also characterizes input scale separately for the
text protocol and the multimodal protocol, using
token length for text inputs and pages for multi-
modal inputs. It also reports average, median, and
maximum evidence entries per instance. Table 8
breaks down chart-family coverage by domain, and
Table 6 reports the corresponding distribution of

query types.

Domain / Query Type # Share
Academic

- Condition/group comparison 47 26.40%
- Dose/response curve 27 15.17%
- Association/correlation 20 11.24%
- Spatial/geographic comparison 18 10.11%
- Scenario/sensitivity analysis 16 8.99%
- Model performance benchmark 11 6.18%
- Composition/breakdown 10 5.62%
- Temporal trend/projection 10 5.62%
- Flow/network/pathway 4 2.25%
- Genomic/functional mapping 4 225%
- Process contribution/LCA decomposition 4 2.25%
- Distribution/variability comparison 3 1.69%
- Regression effect estimate 3 1.69%
- Multivariate profile/clustering 1 0.56%
Finance

- Graham’s net-net working capital (NNWC) 22 7.59%
- Earnings quality spread 22 7.59%
- Defensive interval ratio (DIR) 21 7.24%
- EBITDA 21 7.24%
- Piotroski F-Score 21 7.24%
- Return on invested capital (ROIC) 20 6.90%
- Economic value added (EVA) 20 6.90%
- Quality of income ratio 20 6.90%
- Internal growth rate (IGR) 19 6.55%
- Altman Z-Score 19 6.55%
- Reinvestment rate 19 6.55%
- Sloan ratio 14 4.83%
- DuPont return on equity (ROE) 14 4.83%
- Cash conversion cycle (CCC) 13 4.48%
- Cash burn runway 13 4.48%
- Sustainable growth rate (SGR) 12 4.14%
Ecosystem

- Multi-metric relationship 55 21.48%
- Composition and distribution 28 10.94%
- Rank gap and misalignment 27 10.55%
- Growth and momentum 26 10.16%
- Stage and salary 21 8.20%
- Concentration and breadth 19 7.42%
- Capital efficiency 18 7.03%
- Innovation response 13 5.08%
- Funding and deal activity 12 4.69%
- Hierarchy join 12 4.69%
- Exit and liquidity 8 3.12%
- Company quality and maturity 5 1.95%
- Pillar balance 5 1.95%
- Valuation and IPO readiness 5 1.95%
- Composite score 2 0.78%

Table 6: Query-type distributions by domain.

Statistic Number
Overall

- Domains 3
- Queries 724
- Instances 1,482
- Chart types 30 families / 56 specific
- Query types 45 families / 244 specific
Text protocol: tokens / inst. Avg./Med./Max.

5.9K/1.8K/67.2K
80.8K/61.7K/166.6K
35.0K/34.3K/48.0K
137.7K/134.3K/197.3K
706.6K/648.9K/1.2M
220.6K/106.0K/1.2M

- Academic-Normal. (178)
- Academic-Long (178)

- Finance-Normal. (290)

- Finance-Long (290)

- Finance-Ultra-Long (290)
- overall (1,226)

Multimodal protocol: pages / inst. Avg./Med./Max.
- Ecosystem report-level (256) 218.2/162/402
Evidence / inst. Avg./Med./Max.
- Academic 672.1/176/10.9K
- Finance 82.9/64/225
- Ecosystem 622.1/400/3.7K
- Overall 317.6/116.5/10.9K

Table 7: Overall benchmark statistics. Text input scale is
measured with the c1100k_base tokenizer. Multimodal
input scale is measured by report pages.

Domain / Chart family #Q Share
Academic

- Grouped Bar Chart 43 24.2%
- Regression Scatter Plot 18 10.1%
- Dose-Response Plot 18 10.1%
- Heatmap 12 6.7%
- Line Chart 12 6.7%
- Circular/Radial Bar Chart 11 62%
- Box Plot 7 3.9%
- Combination Chart 7 3.9%
- Forest Plot 6 3.4%
- Stacked Bar Chart 5 2.8%
- Bar Chart 5 2.8%
- Dot/Point Plot 4 22%
- Sunburst/Nested Donut Chart 4 22%
- Scatter Plot 4 22%
- Violin Plot 4 22%
- Sankey/Alluvial Diagram 4 22%
- Other types 14 7.9%
Finance

- Bar Chart 152 52.4%
- Line Chart 138 47.6%
Ecosystem

- Horizontal Bar Chart 78 30.5%
- Bubble Chart 52 20.3%
- Dumbbell Chart 26 10.2%
- Ranked Bar Chart 22 8.6%
- Heatmap 19  7.4%
- Slope Chart 19 7.4%
- Scatter Plot 16 62%
- Bar Chart 12 47%
- Stacked Bar Chart 7 2.7%
- Other types 5 2.0%

Table 8: Chart-family distribution by domain. Types
with fewer than four queries are grouped as “Other

types”.



B Experimental Details

B.1 Generation Details

We evaluate model generation with a two-stage
pipeline that mirrors the Extract—-Reason—Visualize
formulation. Given a task context C' and chart in-
tent (), the first-stage LLM takes (C, )) as input
and generates an executable Python script, follow-
ing the extraction-and-derivation prompt shown
in Table 10. In this script, the LLM extracts the
source values required by the chart from C' and
encodes them as program variables corresponding
to src_data; it also implements the reasoning op-
erations implied by () as executable code, which
transforms src_data into chart-ready der_data.
Executing the script writes both fields to a JSON
file, yielding the predicted intermediate state J=
(D sres ﬁder). We then use this predicted interme-
diate state as the input to a second generation step,
where the model is prompted to generate executable
visualization code. The generated code is executed
to produce the final chart image. This design lets
us evaluate not only whether a model can render a
chart, but also whether the generated chart is sup-
ported by an explicit source-data and reasoning
path.

My, ~ Ex S ~ ~
<C, Q> 0 TER PER = J = (Dsrdeer)u

& My, Tyis Render A
J =2 G.

Pvis

&)

All generation experiments are conducted in a
zero-shot setting. We use provider-default decod-
ing parameters unless otherwise specified. For
API calls that support reasoning controls, we set
reasoning_effort to low. In text-domain experi-
ments, if the concatenated input exceeds the model-
specific context budget, we truncate the context
prefix to 80% of the corresponding context win-
dow. In the multimodal Ecosystem domain, each
PDF page is rendered at 120 DPI, resized to fit
within a 900 x 1200 thumbnail, and grouped in
original page order into JPEG chunks of up to eight
pages each with quality 75. These image chunks
are hosted externally and provided to the model as
image URLSs, with the prompt listing each chunk
index and page range. When a report contains more
chunks than the model/run-specific input cap, we
keep a prefix of the ordered chunks. By default,
this cap is set according to the model context win-
dow: 32 chunks for models up to 128K tokens, 48
chunks for models up to 256K tokens, 64 chunks

for models up to 512K tokens, and 120 chunks
for larger-context models; for runs with an explicit
cap, we use the specified value and log the selected
chunk count.

After each model call, we apply only format-
level cleanup to make the output executable, such
as removing Markdown code fences or non-code
preambles. We do not manually repair generated
programs or correct semantic errors in extracted
values, derived quantities, or visual encodings. The
first-stage Python script is executed with the JSON
output path as its command-line argument and a
60-second timeout. A generation is considered to
have produced a valid intermediate state only if ex-
ecution succeeds and the resulting JSON contains
non-empty source and derived data fields. The
second-stage program is executed with the chart
image path as its command-line argument and a
120-second timeout. For HTML outputs used in
controlled rendering-backend experiments, we ren-
der the page with headless Chromium through Play-
wright using a 1400 x 1000 viewport and save a
PNG screenshot after the page has loaded. Ex-
ecutions that time out, crash, or fail to create a
non-empty output file are retained as failed genera-
tions.

B.2 Evaluation Details

This section supplements the metric definitions in
Section 4 with implementation details. For F7 g
and F ger, we evaluate the JSON file produced by
the first-stage script. Specifically, we recursively
extract all numeric leaves from both the predicted
and reference JSON objects. Numeric strings are
normalized by removing thousands separators and
converting them to floating-point values. We then
perform one-to-one matching between predicted
and reference values. A predicted value is consid-
ered correct if its relative error is no larger than
10~*; for zero-valued references, exact equality
is required. Precision, recall, and F1 are com-
puted from these matched values. Missing gen-
erated JSON files, invalid JSON files, or outputs
without valid source or derived data receive zero
data-fidelity score.

This value-level matching intentionally ignores
JSON keys and nesting structure. We adopt
this design because the benchmark references
for src_data and der_data are already task-
conditioned and contain only the values needed
for the target chart, while model-generated JSON
schemas vary substantially across models and in-



stances. Requiring exact structural or key-level
alignment would therefore penalize formatting
choices rather than extraction or reasoning cor-
rectness. The one-to-one matching constraint pre-
vents duplicated values from being counted mul-
tiple times. When semantic organization errors
affect the rendered chart, they are further reflected
in the visualization-stage evaluation, especially the
data-mapping-topology component of VAS.

For VAS, Gemini 3 Pro generates binary ver-
ification rubrics from the reference chart and
chart specification. We cache these rubrics once
for each benchmark instance and reuse them
across all model outputs. The primary VLM
judge, qwen3-vl-flash-2025-10-15, answers
the rubric items for each generated chart.The rubric
items are organized into three aspects: instruction
compliance, data-mapping topology, and presenta-
tion quality. These items check whether the gener-
ated chart satisfies required chart constraints, pre-
serves intended data-to-visual relationships, and
remains readable and structurally complete. If
a cached rubric is incomplete, we regenerate the
missing aspect before evaluation. During evalu-
ation, each generated chart image is paired with
each rubric item and sent to the VLM judge, which
is required to answer only Yes or No. We set the
VLM answering temperature to 0. A satisfied item
contributes one point, and an unsatisfied or unclear
item contributes zero. The instance-level VAS is
the average score over all valid rubric items, and
the reported VAS is the macro-average over eval-
uated instances. If the generated chart image is
missing or smaller than the validity threshold, the
instance is assigned VAS 0.

Execution Rate is computed from the same exe-
cution logs used to collect generated artifacts. A vi-
sualization output is marked executable only when
the generated program finishes successfully and
produces a PNG image larger than the minimum
file-size threshold. Python visualization programs
are executed with a 120-second timeout. HTML
outputs, used only in the rendering-backend analy-
sis, are rendered through headless Chromium and
then checked using the same image-validity crite-
rion.

B.3 Sampling Protocol and
Representativeness

For the Finance-Ultra-Long setting, we evaluate
models on a fixed 50-instance subset to keep infer-
ence and evaluation costs manageable. The subset

Judge Pair  Acc. Fl K r p MAE

G5.2/G4o 0.776 0.702 0.415 0.650 0.392 0.162
G5.2/Q3.5 0.898 0.878 0.755 0.875 0.778 0.078
G5.2/QVL 0.773 0.711 0.427 0.722 0.513 0.129
G40/Q3.5 0.794 0.717 0.441 0.668 0.435 0.147
G4o0/QVL 0.824 0.736 0.472 0.724 0.509 0.111
Q3.5/QVL 0.778 0.708 0.418 0.685 0.453 0.128

Table 9: Judge-model ablation for VAS. G5.2,
G4o, Q3.5, and QVL denote gpt-5.2, gpt-40-mini,
gwen3.5-plus, and qgwen3-vl-flash-2025-10-15,
respectively. Acc., F1, and x are item-level metrics;
r, p, and MAE are chart-level metrics.

is fixed before model evaluation and is shared by
all models and all reported metrics, ensuring a con-
sistent comparison protocol. It covers all 16 finan-
cial indicators in the Finance domain and includes
both chart families, with 31 bar-chart tasks and
19 line-chart tasks. Its scale and complexity are
comparable to the full Finance split: the average in-
put length is 708K tokens, compared with 706.6K
tokens for the full 290-instance split; the average
number of scalar entries in the reference direct-data
records is 86.4 versus 82.9; and the average number
of scalar entries in the final chart-ready records is
17.8 versus 17.7. These statistics indicate that the
subset preserves the long-context and multi-step
financial reasoning characteristics of the full split
while making systematic model evaluation feasible.

B.4 VAS Reliability Validation and Judge
Ablation

To assess the reliability of VAS, we conduct two
complementary validation experiments on a fixed
180-chart validation subset. The subset covers the
Academic, Finance, and Ecosystem domains, with
60 charts from each domain. Within each domain,
we sort all eligible charts by their primary VAS
scores from the main experiment and partition them
into low, medium, and high strata according to ter-
tiles. We then sample 20 charts from each stra-
tum, ensuring that the validation set covers low-,
medium-, and high-quality generations.

Judge-Model Ablation. We first examine
whether VAS depends on a single VLM judge.
In this experiment, we keep the binary rubric
items fixed and vary only the judge model used to
answer the yes/no rubric items. Specifically, we
compare gpt-5.2, gpt-4o-mini, gwen3.5-plus,
and gwen3-vl-flash-2025-10-15. Each judge
receives only the generated chart image and the



corresponding rubric items, without access to the
generator identity, domain label, primary VAS
score, or other judges’ outputs.

Table 9 shows that VAS remains reasonably sta-
ble across different VLM judges. Across all six
judge pairs, item-level agreement is consistently
positive, with accuracy ranging from 0.773 to 0.898
and Cohen’s « ranging from 0.415 to 0.755. At the
chart level, all judge pairs also show positive cor-
relations, with Pearson correlations ranging from
0.650 to 0.875 and Spearman correlations ranging
from 0.392 to 0.778. This indicates that differ-
ent judges generally assign consistent relative VAS
scores to the same set of generated charts.

The strongest agreement is observed between
gpt-5.2 and gwen3.5-plus, which achieve 89.8%
item-level agreement, a Cohen’s x of 0.755, a chart-
level Pearson correlation of 0.875, and a Spear-
man correlation of 0.778. Comparisons involving
gwen3-vl-flash, the primary judge used in our
main experiments, also remain positively corre-
lated with the other judges: its chart-level Pear-
son correlations with gpt-5.2, gpt-40-mini, and
gwen3.5-plus are 0.722, 0.724, and 0.685, respec-
tively. These results suggest that the VAS trends
are not tied to a single judge model, supporting
the reliability of our automatic visual evaluation
protocol.

Human-Alignment Validation. We further vali-
date whether VAS aligns with human visual judg-
ment using the same 180-chart validation subset.
The human annotation uses the same binary rubric
items as automatic VAS. For each generated chart,
annotators are shown only the chart image and its
corresponding yes/no rubric items, and are asked
to answer each item with Yes or No. Annotators
do not see the generator identity, domain label, pri-
mary VAS score, automatic judge outputs, or other
annotators’ answers. Each item is first labeled in-
dependently by two human annotators. If the two
annotators agree, their shared answer is used as
the human reference label; if they disagree, a third
annotator adjudicates the item to obtain the final
human reference label. This protocol makes the hu-
man labels directly comparable to automatic VAS,
since both are defined over the same rubric items
and the same binary answer space.

We evaluate the agreement between the primary
VLM judge and the human reference labels at both
the item and chart levels. At the item level, we com-
pare the primary judge’s yes/no outputs against the

human reference labels and report accuracy, macro-
F1, and Cohen’s k. At the chart level, we aggre-
gate the human binary labels into a human VAS
score, computed as the fraction of rubric items an-
swered Yes by the human reference. Automatic
VAS is computed analogously from the primary
VLM judge’s Yes answers. We then report the
Pearson and Spearman correlations between auto-
matic VAS and human VAS.

The results show strong agreement between the
primary VLM judge and human judgments. Across
2,339 item-level judgments, the primary judge
achieves 94.1% accuracy, 92.5 macro-F1, and a
Cohen’s x of 0.852 against the human reference
labels. At the chart level, automatic VAS is also
strongly correlated with human VAS, with a Pear-
son correlation of 0.939 and a Spearman correlation
of 0.878. These results indicate that VAS closely
reflects human visual assessment while retaining
the scalability of an automatic evaluation protocol.



C Prompts

Appendix C lists the exact prompts used in DEEPCHART. Tables 10-11 define the two-stage generation
pipeline, while Tables 12-15 define the automatic VAS rubric generation and judging prompts.

C.1 Generation Prompts

Prompt for Data Extraction and Derivation Script Generation

[System Instruction]

You are an expert Data Engineer. Extract the required data from the given document based on the
task requirements, then write a Python script to clean the data and perform the corresponding
inference calculations.

CRITICAL OUTPUT RULE:

1. Output ONLY raw Python code. No markdown, no explanations.

2. The code must print the final result as a valid JSON string. JSON only stores clean, processed,
and formatted data.

3. The JSON structure must strictly follow: {"src_data”: "raw values"”, "der_data”: "derived
values”}.

4. The Python script is executed as follows: python this.py output.json. Save this JSON file
to a file, and the Python program will accept an argument indicating the path to the output
JSON.

[User Input]
Generate a Python script to process data based on the Chart Purpose.

Chart Type: {{ chart_type }}
Chart Purpose: {{ chart_purpose }}
Chart Layout: {{ chart_layout }}

Logic Requirements:

1. Extract data relevant to the purpose from the "Documents”.

2. Perform any necessary calculations to derive metrics needed for the chart.

3. Only retain the data needed to generate the chart. The src_data store only the raw data
required by the chart, and the der_data store only the derived data required by the chart.
The two data should not overlap.

Save this JSON file to a file, and the Python program will accept an argument indicating the

path to the output JSON.

Documents:

nnn

{{ data }}

nnn

Table 10: The full prompt used for generating Python scripts for data extraction and reasoning. The placeholders in
double brackets are replaced with specific test cases.



Prompt for Visualization Code Generation

[System Instruction]
You are a specialized data visualization agent. Your task is to analyze the provided json_data,
extract relevant data, and generate strictly executable code.

CRITICAL OUTPUT RULE:

1. Output ONLY the raw code. Do not include explanations, summaries, or any text other than the
code itself.

2. If it’s a Python file, the program should run as python this.py output.png. Output the chart
as a PNG file to a specified location.

3. If it’s HTML, you need to ensure it renders correctly.

[User Input]
Generate raw {{ code_type }} code to render a {{ chart_type }} based on the following details:

Chart Purpose:
{{ chart_purpose }}

Chart Layout:
{{ chart_layout }}

Input Data (JSON):
{{ json_data }}

Table 11: The prompt used for the Visualization Generation module. It takes the structured data (JSON) and layout
constraints to produce the final rendering code.



C.2 Evaluation Prompts

Prompt for Verification Question Generation

[System Instruction]

You are a data-to-visual mapping verifier. Your job is to write YES/NO verification questions
about whether the chart’s visual relationships (ordering, trends, relative magnitudes, group
comparisons) match what the chart is intended to show.

CRITICAL OUTPUT RULE:

1. Output ONLY a single JSON object.

2. Keys must be "q1", "g2", ... in order.

3. Values must be ONE English yes/no question each (answerable with "Yes/No").
4. Do NOT output answers, explanations, or any extra text.

[User Input]

You will be given:

1) A chart image (ground-truth; it satisfies all requirements).

2) A requirement JSON containing: chart_type, chart_purpose, chart_layout.

Task:

* Write 2~3 YES/NO questions that verify DATA MAPPING TOPOLOGY:
— trends (e.g., increasing/decreasing/plateau patterns visible in bars/lines/points)
— relative ordering between key conditions (e.g., Condition A > Condition B visually)
— correct grouping (individual data points clustered with their corresponding group/bar)
— annotation alignment (significance brackets/lines connect the correct groups being compared)
— relative magnitude relationships (e.g., largest bar, smallest value positions)

e IMPORTANT: Because the image is ground-truth, each question MUST be phrased so that the correct
answer for THIS image is "Yes”.

* Avoid pixel-perfect or exact-value questions; focus on relative/structural correctness.

e Questions should be answerable by visual inspection without reading exact axis values.

Requirement JSON:
{{ gen_parameter }}

Chart Image:
{{ image }}

Table 12: The prompt used to generate Ground Truth QA pairs. It instructs the model to create topology-focused
verification questions based on a correct reference chart.



Prompt for Compliance Question Generation

[System Instruction]
You are a strict chart-requirements compliance auditor. Your job is to write YES/NO verification
questions that check whether a rendered chart obeys explicit constraints.

CRITICAL OUTPUT RULE:

1. Output ONLY a single JSON object.

2. Keys must be "q1", "g2", ... in order.

3. Values must be ONE English yes/no question each (answerable with "Yes/No").
4. Do NOT output answers, explanations, or any extra text.

[User Input]

You will be given:

1) A chart image (ground-truth; it satisfies all requirements).

2) A requirement JSON containing: chart_type, chart_purpose, chart_layout.

Task:

e Write 3~5 YES/NO questions that verify INSTRUCTION COMPLIANCE:
— chart_type constraints (e.g., bar chart + overlaid individual points + error bars)
— layout constraints (e.g., single panel, axis arrangement, panel labels, ordering)
— purpose-implied required elements (e.g., presence of statistical annotations if significance

comparisons are specified)

— structural requirements (e.g., grouped vs. stacked, vertical vs. horizontal orientation)

* IMPORTANT: Because the image is ground-truth, each question MUST be phrased so that the correct
answer for THIS image is "Yes”.

* Questions must be directly verifiable from the image + the requirement JSON (avoid ambiguous
wording).

* Focus on binary compliance: either the chart follows the explicit constraint or it does not.

Requirement JSON:
{{ gen_parameter }}

Chart Image:
{{ image }}

Table 13: The prompt used to generate Compliance QA pairs. Unlike the topology prompt, this specifically verifies
if the visualization strictly adheres to the user’s explicit design constraints.



Prompt for Presentation Quality Question Generation

[System Instruction]
You are a visualization presentation-quality inspector. Your job is to write YES/NO verification
questions about structural completeness, readability, and clarity of chart elements.

CRITICAL OUTPUT RULE:

1. Output ONLY a single JSON object.

2. Keys must be "q1", "g2", ... in order.

3. Values must be ONE English yes/no question each (answerable with "Yes/No").
4. Do NOT output answers, explanations, or any extra text.

[User Input]

You will be given:

1) A chart image (ground-truth; it satisfies all requirements).

2) A requirement JSON containing: chart_type, chart_purpose, chart_layout.

Task:
* Write 3~5 YES/NO questions that verify PRESENTATION QUALITY:
— required elements present (axes, axis labels, units, tick marks, data marks)
readability (text not truncated or overlapping, tick labels are legible)
structural integrity (single coherent panel, consistent alignment, no missing
bars/points/lines)
— clarity of overlays (error bars, individual points, annotations are visually distinguishable)
— proper scaling (axis values increase in correct direction, reasonable tick intervals)
IMPORTANT: Because the image is ground-truth, each question MUST be phrased so that the correct
answer for THIS image is "Yes".
* Questions must be verifiable from the image; avoid subjective aesthetic preferences (color
choice, styling).
e Focus on functional quality: can a reader accurately interpret the chart?

Requirement JSON:
{{ gen_parameter }}

Chart Image:
{{ image }}

Table 14: The prompt used to generate Presentation Quality QA pairs. This module focuses on verifying low-level
visual correctness, such as element completeness, text legibility, and proper scaling, ensuring the chart is functional
and readable.



Prompt for Chart Evaluation Agent

[System Instruction]
You are a precise chart evaluator. Your task is to answer YES/NO questions about chart images
based on visual inspection.

CRITICAL OUTPUT RULE:

1. Output exactly one token: Yes or No (case-sensitive).

2. Do NOT output punctuation, prefixes, explanations, reasoning, or newlines.

3. Answer Yes ONLY if the statement can be clearly and unambiguously verified from the image.
4. Otherwise (false, missing, or unclear), answer No.

[User Input]

You will be given:

1) A chart image to evaluate.

2) A specific yes/no question about the chart.

Task:

e Examine the chart image carefully.

* Answer the given question with "Yes” or "No"” based on your visual inspection.

* Answer "Yes"” only if you can clearly confirm the statement in the question is true.

e Answer "No" if the statement is false, or if you cannot clearly verify it from the image.

Question:
{{ question }}

(The chart image is provided as an attached image below.)

Table 15: The prompt used for the Evaluation module. The Visual Language Model (VLM) receives the generated
chart and a verification question to assess alignment.



D Representative Instances

Appendix D shows representative benchmark instances across academic and finance settings. Each
example illustrates the context scale, source data, derived data, and final rendered chart required by the
ERV pipeline.

Query

Generate a Python script to process data based on the Chart Purpose.

**Chart Type:**

Grouped bar chart with overlaid scatter (individual points) and error bars

**Chart Purpose:**

To compare sucrose preference (an index of anhedonia) across WT and two adenosine-receptor knockout mouse
genotypes after chronic stress, and to test whether acute ketamine administration reverses stress-induced reductions in
sucrose preference (this panel corresponds to the sucrose-preference test performed after ketamine treatment).

**Chart Layout:**

Three grouped clusters along the x-axis (one cluster per genotype). Each cluster contains three bars representing
experimental treatment conditions. Y-axis shows a continuous percentage scale for the outcome.
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Figure 4: This academic example requires statistical reasoning. The model interprets user intent, extracts raw data
points, and infers the underlying statistics, specifically deriving the Mean, Standard Error of the Mean (SEM), and
the P-value between conditions.



Query

Generate a Python script to process data based on the Chart Purpose.

**Chart Type:**

Multiseries scatter plot

**Chart Purpose:**

To examine the relationship between representation of a cancer type in the pretraining dataset (percentage of slides) and
downstream model performance (AUROC), showing individual model results by shape and cancer-type trends by color, and
reporting correlations per cancer type.

**Chart Layout:**

Multiseries scatter plot (single Cartesian panel) showing individual model results as points with fitted linear trend lines per

cancer type. Panel labeled 'c' in the corner.
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2 e panakeia 18.0 0.6616418630330357

Derivative Data

cancer_type r P
LUNG 0.548585053629207  0.15913917874978992
STAD -0.2788407405224243  0.5036420596256193
BRCA 0.43959345798517785  0.27579154872184664
CRC 0.4472210806869125  0.2665607212308931

The Generated Chart

<
2 SotEs fitosa-os
S s
I3 43
* ‘e 3
g R H C Cancer type
s & 0.76 NSCLC (r=0.55,P =0.16)
b S =2 ® STAD (r=-0.28,P=0.5)
- @ BRCA (r=0.44,P=0.28)
poiio e 0.74 ® CRC(r=0.45,P=027)
—— = o
Z = 2
; 2
H 5
Z e __ 072
53 !
(=]
5 ‘ g
—— &2 o070
EY
©
25 $
23 es Model
235 ® Clransath
£ W Phikon
c
K S * &N
o5 0.66 * * A Kaiko
&< . % Prov-GigaPath
g # Virchow
Z 0.64 ° ¥ Virchow2
m ® Panakeia
0.62
A
0.60
0 20 40 60 80

Percentage of slides in pretraining dataset (%)

Figure 5: This academic example involves analytical reasoning. The model extracts raw data points to deduce the
parameters of each conditional regression line.



Query

Generate a Python script to process data based on the Chart Purpose.

**Chart Type:**

Dual-Axis Combination Chart

**Chart Purpose:**

showing the change of amzn's (Cash Conversion Cycle, CCC) from 2016 to 2024. Ensure the data is accurate and reliable
the chart design is clean. The unit uses millions of dollars.",

**Chart Layout:**

This layout utilizes a dual-axis design to superimpose grouped bars representing financial volumes (left axis) against lines
with error bars for efficiency ratios (right axis), allowing for the simultaneous visualization of distinct metrics across a
shared timeline.

Context Tokens:458245 Source Data
amazon 2= oA = Fiscal Year Avg Receivables Revenue Avg Inventory  Cost of Revenue Avg Payables
- 2016 6996500000. 0 135987000000 = 10852000000.0 121969000000 22853000000.0
2017 10751500000.0 17 137 .0 111934 29962500000.0
2018 14920500000. 0 232887000000 16610500000.0 139156000000 36404000000.0
2019 18746500000.0 280522000000 18835500000.0 165536000000 42687500000.0
2020 22679000000.0 386064000000 | 22146000000.0 233307000000 59861000000.0
2021 28716500000.0 469822000000 | 28217500000.0 272344000000 75601500000.0
2022 37625500000.0 513983000000 | 33522500000.0 288831000000 79132000000.0
2023 47306500000.0 574785000000 | 33861500000.0 304739000000 82290500000.0
2024 53852000000.0 63 33 0 326 89672000000.0
Derivative data
Fiscal Year Dso DIO DPO ccc
2016 18.77916639090501 32.47530110109946  68.38905787536177 -17.13
2017 22.06322456231096  44.849732878303286 97.70322243464898  -30.79
2018 23.38465650723312 43.568602862973925 95.48607318405244  -28.53
2019 24.39192826231098  41.53149465977189  94.12416332398992 -28.2
2020 21.44161330763811 34.646581542774115  93.650276245462 -37.56
2021 22.30956085496209 37.81756712099404 101.32239924507242 -41.19
2022 26.719380796641133  42.362878292150086 100.00027697857917 -30.91
2023 30.040576041476378 40.55748525787641  98.56313927656126  -27.96
2024 30.810726081143144 37.772121561320056 100.31101358309223 -31.72

The Generated Chart

Consolidated Financial Efficiency Analysis: CCC & Drivers (2016-2024)
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Figure 6: This Finance example demonstrates complex sequential reasoning based on year-end reports (2017 2019
2021 2023 2025). The model extracts base data and executes a multi-hop inference chain: first deriving annual
averages, then inferring intermediate metrics (DIO, DSO, DPO), and finally deducing the Cash Conversion Cycle
(CCCOC).



E Failure Case Studies

Appendix E provides qualitative failure cases corresponding to the three main failure modes observed in
our experiments: incomplete reasoning, temporal coverage mismatch, and incorrect entity selection.

Bad Case 1: Correct Extraction, Missing Statistical Reasoning
Domain: Academic Model: gemini-3-pro-preview
Input
Query: Generate a Python-rendered Grouped bar chart with overlaid individual datapoints and error bars (mean +/-
s.e.m.) for visualizing To compare peak extracellular adenosine responses in the mPFC across multiple ketamine
dose conditions, showing group means with variability and individual data points, and to indicate which dose
comparisons reach statistical significance.
Context:
Data Comparison
GT Generated Analysis
Source Data (raw points) Source Data (raw points)
saline KS K10 K20 K30 K50 saline Ks K10 K20 K30 K50 1' Source eXtraCtlon is correCt
262 1091 17.02 2717 29.40 2475 262 1091 17.02 2717 29.40 24.75 s P
236 8.18 10.80 2429 2559 3277 236 8.18 10.80 2429 25.59 3277 The model recovers all :.Lndlv:ldu?l
715 7.48 19.76 40.87 43.13 30.30 715 748 19.76 40.87 43.13 30.30 measurements across the six ketamine
5.96 6.79 11.49 3367 3841 35.18 5.96 6.79 11.49 33.67 38.41 35.18 dose groups, so source-data F1
872 6.06 2058 2865 3413 4591 872 606 2058 2865 3413 4591 reaches 1.
10.07 10.87 2239 32.80 38.48 50.50 10.07 10.87 2239 32.80 38.48 50.50
466 125 1757 3698 4194 507 466 125 1757 3698 4194 5017
517 661 19.08 3596 3902 3391 517 661 19.08 3596 3902 3391
a4 et 2020 2091 am 2320 441 et 2020 3091 a7 2329
347 2068 2741 3518 25.80 347 2068 2741 3518 25.80
33 1397 2150 2076 3398 33 1307 2150 2076 3398
768 1485 2242 2137 768 1485 242 2137
Derived / Final Data Derived / Final Data . .
2. Reasoning stops at summaries
Derived item GT value Derived item Gen value . .
saline mean/SEMin 5.4700.72112 saline mean/SEM/n 5.4700.72112 The query asks which dose comparisons
K5 mean/SEM/n 8.86/0.76/9 K5 mean/SEM/n 88600769 are statistically significant. GT
K10 mean/SEM/n 173711012 K10 mean/SEM/n 17.871.1012 includes pairwise p-values, but the
K20 mean/SEMin 30.22/1.75/12 K20 mean/SEM/n 30.22/1.75/12 generated data only keeps mean/SEM/n.
K30 mean/SEM/n 33.76/2.22/12 K30 mean/SEM/n 33.76/2.22112
K50 mean/SEM/n 35.15/2.93/11 K50 mean/SEM/n 35.15/2.93/11
saline vs K5 p p=0.0046 saline vs K5 p missing
KsvsKi0p $=0.0000 K5 vs K10p missing
K10vs K20 p $=0.0000 K10vs K20 p missing
K205 K30 p p=0.2230 K20 vs K30 p missing
K30 vs K50 p p=0.7075 K30 vs K50 p missing
Chart Preview Chart Preview . .
3. Final chart lacks significance
) Adenosinehesponse by Ketamioe Dose
e , - The bars, points, and error bars
: are plausible, but the significance
i r { brackets and p-value annotations
{- + 4 g i i B required by the query are missing.
» i H -
I H . |5
i '
A ’ [ TR
Scores Source Data F1 Derivative Data F1 VLM Accuracy
k P=1.000, R=1.000 P=0.667, R=0.316 1C=0.40, DT=0.67, PQ=0.20 J

Figure 7: Academic bad case: correct extraction but incomplete statistical reasoning.



Bad Case 2: Report-Year Sampling Is Mistaken as Data-Year Coverage

Domain: Finance

Model: qwen3-235b-a22b

(;ﬁput
Query:

Context:

2022 2024

Generate a Python-rendered line chart showing NVIDIA's Graham's Net-Net Working Capital (NNWC) from 2016 to 2024.

10k report will include indicators from previous years,
so we input at intervals

~

([

ata Comparison

GT

Source Data (all fiscal years)

Year Cur. assets Liabilities Shares.
2016 6053 2901 22760
2017 8536 4079 25960
2018 9255 3770 25280
2019 10557 3950 25000
2020 13690 5111 24720
2021 16055 11898 25120
2022 28829 17575 25350
2023 23073 19081 25070
2024 44345 22750 24940

Derived / Final Data (NNWC/share)

Year GT NNWC / share
2016 0.1385
2017 0.4717
2018 02170
2019 0.2643
2020 0.3470
2021 0.1655
2022 0.4439
2023 0.1592
2024 0.8659

Chart Preview

NVIDIA's NNWC(2016-2024)

) \/

.

Generated

Source Data (generated)

Year Cur. assets Liabilities
2016 6053 2814
2017 missing missing
2018 9255 3770
2019 missing missing
2020 13690 5111
2021 missing missing
2022 28829 17575
2023 missing missing
2024 44345 22750

Derived / Final Data (raw NCAV)

Year Generated NCAV
2016 3239

2017 missing

2018 5485

2019 missing

2020 8579

2021 missing

2022 11254

2023 missing

2024 21595

Chart Preview

VDS NCAY Change (20162024)

Shares
missing
missing
missing
missing
missing
missing
missing
missing
missing

Analysis

1. Report years are treated as
data coverage

Each 10-K contains two or three
comparable fiscal years. The model only

outputs 2016/2018/2020/2022/2624 and
drops the in-between years.

2. NNWC is confused with raw NCAV

GT computes NNWC per share = (Current
Assets - Total Liabilities) / Shares.
The generated result omits Shares and
plots raw NCAV dollars.

3. The line chart hides real
changes

With only five sampled points and the
wrong scale, the generated chart smooths
over the 2021 and 2023 reversals.

_J
~

Source Data F1

0.486

P=0.900, R=0.333

Scores

Derivative Data F1

0

P=0.000, R=0.000

VLM Accuracy

0.385

1C=0.60, DT=0.33, PQ=0.00

Figure 8: Finance bad case: report-year sampling is mistaken as data-year coverage.




Bad Case 3: First Ten Mentioned Ecosystems Replace Ranked Top Ten

Domain: Ecosystem Model: claude-opus-4.5

anut A

Query: Create a slope chart for the top 10 Fintech ecosystems by 'Total Early-Stage Funding', comparing each ecosystem's ‘sal
adjusted Seed = Median Seed Round / Software Engineer Salary' with ‘salary-adjusted Series A = Median Series A Round

Context:

report

NG

VAN

Data Comparison

GT Generated Analysis
Source Data (all 28 candidates) Source Data (generated 10 rows) . A
1. Candidate pool is incomplete
¢ Eospsom Fnd®)  Seedl) Am) S0 #  Ecosystom Fund®)  Sesd®)  AM) sl
1 Sicon Vatey-BayA " 1000 ® = 1 Shanghai 7 1500 10 ) .
2 o7 1500 [ 2 T Toeimg = 5 = 0 GT compares all 28 candidate
3 83 850 ] » 3 Telavy 3 1400 57 ) ecosystems in the PDF, then ranks
. i “ "
- 2 L v > 4 Toonto-Waterioo 18 50 43 o by Total Early-Stage Funding. The
0 a9 1000 . 100 5 | Siicon Valley 18 1000 8 123 model only keeps the first ten
4 as 0 s 2 ORI | Now ork Ay L2 250) J 96 ecosystems appearing in the report.
0 a 1400 7 » 7 London 0 &0 4 )
o 26 50 27 B} 8 Bosion 39 1000 6 100
0 4 L 18 L] 9 Los Angeles. 36 560 5 92
" e 500 43 o 10 Paris. 26 650 27 53
0 14 oot as o
n 12 o5 3 o
1 0s6 500 24 o
[0 09t n 14 5
vs o7es w0t 28 s
v 04 450 15 ”
m o3 s 28 B}
® otz 150 2 S
E) o1t 20 08 i
2 ot o0 10 B}
2 o102 260 22 0
F) 00 107 2 127
P 005 o 25 B
= 00 100 087 s
» 005 100 X i
E3 005 300 12 i
= 00 12 5 B
Derived / Final Data Derived / Final Data S
2. Top-10 selection is wrong
Ecosystem Seed yrs Ayrs Ecosystem Seed yrs Ayrs . .
‘Shanghai 50 333 ‘Shanghai 50 333 After ranking and excluding
Beijing 58.8 294 Beijing 556 278 NurSultan, Tokyo should appear.
Tel Aviv 194 792 Tel Aviv 194 792 Toronto-Waterloo is included
Silicon Valley - Bay.. 8.13 65 Toronto-Waterloo 758 652 instead, and several extracted
New York City 8674 612 Silicon Valley 8.13 65 numeric fields are also wrong.
London 9.848 60.6 New York City 867 61.2
Boston 10 60 London 9.85 60.6
Los Angeles 6.087 54.3 Boston 10 60
Paris 16 50.9 Los Angeles 6.09 544
Tolyo 10 3% Paris 123 509
Chart Preview Chart Preview A "
3. Answers a different comparison
. o ¥ The slope-chart form is close,
. but the city set, ordering, and
. salary-adjusted Seed/Series A
. . values are not faithful to GT.

Software Engineer Salary', expressed in 'engineer-years', ordered descending by the latter, and excluding ‘Nur-Sultan'|.

ar)

-
—

Scores Source Data F1 Derivative Data F1 VLM Accuracy
0.288 0.550 0.538
P=0.950, R=0.170 P=0.550, R=0.550 1C=0.80, DT=0.67, PQ=0.20

(N

Figure 9: Ecosystem bad case: first-mentioned entities replace the requested ranked top entities.
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