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Abstract—Chart understanding is crucial for evaluating multi-
modal large language models’ (MLLMs) capability. Mainstream
benchmarks rely on closed-ended QA formats for rapid evalu-
ation. Meanwhile, how to evaluate long-form natural language
chart description is growing vital in open-ended tasks. Current
open-ended evaluation suffers from vague and coarse-grained
metrics, while most assess charts in isolation, ignoring interleaved
document layouts. To address these, we introduce DoChartDes, a
specialized benchmark designed for open-ended chart description
task. (i) Diverse dataset: Featuring 18 diverse chart types across
6 languages and 7 document layouts, the dataset spans scenarios
from simple charts to slide documents, supporting description
evaluation for chart in document contexts. It includes 1.6K
curated chart images, each annotated with over 25 meta-elements
(42.3K total) in structured format. (ii) Fine-grained evaluation
suite: This suite assesses chart description in terms of faithfulness
and coverage, across 3 critical dimensions of perception and
reasoning: layout understanding, factual correctness and analyt-
ical reasoning. It provides interpretable scores enabling detailed
weakness analysis and hallucination detection. (iii) Intelligent
judgement: The evaluation process is optimized into an intelligent
way, reaching high consistency and low systemic bias with human
experts while reducing time cost. With high-quality annotations
and intelligent evaluation, DoChartDes provides more reliable
benchmark for chart description.

Index Terms—Chart Description, Multimodal Large Language
Model, Open-Ended Benchmark, Document Understanding

I. INTRODUCTION

Charts, as essential data visualization tools, offer critical
insights and find extensive application in daily life [1], [2].
As volume increases and chart formats become more diverse,
chart understanding is a much desired capability of multi-
modal models [3]. Meanwhile, open-ended tasks like chart
description are growing vital, because converting visual charts
to detailed text empowers downstream tasks and enrich cross-
modal resources. However, charts integrate diverse graphical
elements and text components, requiring MLLMs to master
two core capabilities: (i) perception of layout and factual meta-
elements; (ii) reasoning of data comparisons and trends. Re-
searchers have introduced various chart-related benchmarks to
advance chart understanding, as summarized in Table I. How-
ever, problems remain in three key aspects: (i) overemphasis
on closed-ended tasks, with open-ended tasks limited to short
caption or summarization; (ii) limited diversity and coverage;
(iii) coarse-grained evaluation metrics with insufficient human
consistency checks.

∗Corresponding author.

TABLE I: Comparison with existing chart-related bench-
marks. “Infogra. Support”: infographics (e.g., flowcharts) are
evaluated; “Multi-layout”: support for document layout (e.g.,
text+chart). “Detailed Des.”: long-form chart descriptions
rather than captions. “Fine-grained Eval.” and “Hallu. Eval.”:
fine-grained and quantified hallucination measurement info.

Benchmark Benchmark Diversity Evaluation

Real
Chart

Lang-
uages

Chart
Type

Infogra.
Support

Multi-
layout

Detailed
Des.

Open-ended
Metric

Fine-grained
Eval.

Hallu.
Eval.

ChartQA [4] ✓ EN 3 ✗ ✗ ✗ ✗ ✗ ✗
ChartBench [5] ✗ EN 9 ✗ ✗ ✗ ✗ ✗ ✗
CharXiv [6] ✓ EN 20+ ✗ ✗ ✗ ✗ ✗ ✗
Chart-to-text [7] ✓ EN 6 ✗ ✗ ✗ NLG metrics ✗ ✗
ChartLlama [8] ✗ EN 10 ✗ ✗ ✗ GPT-score(Overall) ✗ ✗
ChartX [9] ✗ EN 18 ✗ ✗ ✗ GPT-score(Overall) ✗ ✗

DoChartDes ✓
EN/DE/FR
/ES/IT/PT 18 ✓ ✓ ✓

GPT(F1 Score,
Precision, Recall) ✓ ✓

Initial benchmarks such as FigureQA [10], FigCAP [11] use
synthetic charts, while ChartQA [4] employs stylized charts
and lacks diversity. Recently, ChartBench [5], CharXiv [6]
and MMC [12] improved factualness and diversity but remain
closed, restricting to multiple choice with insufficient chart
content coverage. Moreover, nearly all existing benchmarks
are limited in language and document layout support, focusing
on English and standalone charts.

In contrast, evaluating open-ended tasks like summarization
and long-form description is more challenging due to unfor-
matted text outputs. Most prior work uses natural language
generation(NLG) metrics [13], including lexical metrics [14]–
[16] such as ROUGE and semantic metrics like BLEURT [17].
Inspired by text generation advancements [18]–[21], recent
efforts use LLMs as evaluation tools [8]. However, these
metrics suffer from vague evaluation [22]–[24] and heavily
depends on the annotations’ quality.

To bridge these gaps, we propose DoChartDes, a fine-
grained and intelligent benchmark for evaluating the open-
ended chart description task. The main contributions are:
• Chart Diversity with Multilingual and Multi-layout

Coverage: Specifically designed for chart description task,
DoChartDes spans 18 chart types across 6 languages and
7 modular document layouts, supporting evaluation on both
simple charts and complex multi-element slide documents. It
contains 1.6K carefully curated chart images, each annotated
with an average of over 25 meta-elements which sufficient
cover chart content, resulting in a total of 42.3K structured
annotation. All annotations are systematically designed
around distinct chart-type characteristics and formatted in
JSON to enable precise parsing and automated evaluation.



D
at

as
et

 
C

o
n

st
ru

ct
io

n

Web Search &
Chart Filter Raw Chart Dataset 

Structured Template Based
GT Meta-elements Annotation

Auto Pre-annotation
& Human Check

In
te

lli
ge

n
t

Ju
d

ge
m

e
n

t

Human
Review

FP GPT-Precision

GPT-Recall

TP

FN

Prompt Pool

CoT

ICL
…Human

Experience
Judgement Rules

Conclude

Metric CalculationMeta-elements level Results

Chart Description MLLM Output

### Title
Market Share of Smartphone Brands

## Chart 1
### Chart Value
The data values are as follows:
- **Apple**: 40.0%
- **Samsung**: 30.0%
- **Xiaomi**: 15.0%

### Chart Analysis
The chart highlights that Apple 
commands the largest market 
share at 40.0%, followed by 
Samsung with 30.0%...

## Picture 1
The picture features the brand 
imagery and logos of leading 
smartphone manufacturers…

{"chart_type": "Bar chart",
"title": "Market Share…", …
"axis": {"X-Axis": {"label": ["A"…],"range": ""}, 
"Y-Axis": {"label": “Sh...","range": "15 to 60"}},
"legend":[{"label":"2023"},{"label":"2024"}],
"data": {"2023": {"Xiaomi": "15.0%"…}},
"table_headers": {},
…"sub_chart": []}

Fact {"statistic": [{
"type": "Maximum",
"x_desc": "category",
“x_value”: “Apple”,…
"content": "Apple has ..."}],
"summary": {"content": "This is...",
"keypoint": ["Market Share"…]},
"trend":[{"legend":"Xiaomi",
"period":"2023 to 2024", "trend": 
"decrease with fluctuations"}]}

Analysis

1.title
2.chart 1
(bar chart)
3. summary
…
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chart_type:"TP"[Match]
…

data_1: "FP"[Conflict]

data_2: "FN"[Miss]

data_3:"FPh"[Hallucination]

Dataset Distribution

Fig. 1: Overview of DoChartDes. Dataset construction and intelligent evaluation via 3 dimensions: layout understanding, factual
correctness and analytical reasoning. Dataset distribution of 5 topics, 18 chart types, 7 document layouts. *denotes chart types
match single-chart ones.

• Fine-grained Evaluation Suite: We propose a fine-grained
and interpretable evaluation suite that enables detailed anal-
ysis of chart description. Our suite evaluates 2 core crite-
ria: faithfulness and coverage, along with 3 dimensions to
evaluate models’ perception (layout understanding, factual
correctness) and reasoning (analytical reasoning) capabili-
ties. Not only provides fine-grained evaluation, this suite
also unifies faithfulness and coverage metrics at the same
element level. It enables accurate detection of hallucinations
and localizes the model’s gaps in description quality.

• Efficient Expert-aligned Intelligent Evaluation: We opti-
mize the evaluation process of DoChartDes to an efficient,
fully automated and intelligently precise way. While main-
taining operational efficiency, it achieves high consistency
rate (Pearson coefficient = 0.8) and low systemic bias (MBE
< 2) with human experts.
II. THE DOCHARTDES BENCHMARK CONSTRUCTION

As shown in Fig 1, DoChartDes is a specialized benchmark
designed for open-ended chart description tasks, featuring 18
diverse chart types across 6 languages and 7 document layouts,
supporting evaluation from simple charts to complex multi-
element slide documents. Our dataset construction workflow
encompasses two steps: (i) raw dataset collection, (ii) struc-
tured template-based ground truth (GT) annotation.
A. Data Collection

The raw chart dataset is constructed from a diverse range
of websites and links across the internet, including public data
portals (e.g., statistical bureaus, Tableau), academic platforms
(e.g., arXiv), design tools (e.g., Slideshare, Canva) and in-
fographic websites (e.g. Creately, Venngage). Curated from
these source, we employs CLIP-based filtering and manual
validation to ensure multilingual representation and balanced
diversity across chart types, topics and layouts (Fig. 1).

Broad Topic Domains of Real-world. Leveraging its
diverse data sources, DoChartDes ensures comprehensive cov-
erage of real-world domains through 5 high-level domains and

26 fine-grained subdomains, including: basic science, engi-
neering & technology, social science, commerce & finance,
health & lifestyle. Our dataset addresses limitations of existing
chart datasets by integrating diverse sources and ensuring
extensive coverage of chart types, thereby enabling broader
topical scope and richer stylistic diversity.

Diverse Chart Types Coverage. DoChartDes encompasses
a collection of 18 distinct chart types, categorized into three
groups according to their usage prevalence and application
domains: (i) 8 high-frequency fundamental types: line,
area, bar, column, pie, doughnut, scatter and table. They
establish baseline requirements for understanding common
data patterns. (ii) 7 advanced types: sun, bubble, histogram,
box, funnel, waterfall, candlestick. Evaluating them addresses
the lack of advanced analytical task coverage in current
benchmarks. (iii) 3 infographic types: flow chart, organiza-
tional chart, timeline. Focused on structural storytelling and
contextual integration, they capture how charts operate in
real documents and fill the gap in layout-aware evaluation.
To ensure alignment with real-world usage distribution, we
allocate images with a 3:2:1 ratio across these 3 groups.

Multilingual and Multi-layout Inclusiveness. Unlike ex-
isting chart understanding benchmarks limited to English
and isolated charts, DoChartDes systematically incorporates
multilingual and multi-layout documents spanning 6 languages
(English, German, French, Spanish, Italian, Portuguese) and
7 modular document layouts (from single-form only to real-
world compound modular).

B. Data Annotation

Our GT annotation follows two key principles to ensure
robust evaluation, all annotations under cross-verification by
human experts.

Structured Annotation for Fine-grained Evaluation. In
order to enable fine-grained evaluation across three dimen-
sions, we design a structured JSON template that dissects
charts into granular, uniform meta-elements. Each chart is



(a) Box plot of pairwise cosine
distances among images.

(b) Scatter chart of TTR and co-
sine distance across datasets.

Fig. 2: Visual and linguistic diversity comparison across
datasets. Ours DoChartDes exhibits the highest diversity.

annotated with an average of over 25 meta-elements (totaling
42.3K annotations across 1625 curated images), with pre-
annotations generated by GPT-4o [25] and cross-validated by
human experts against image content.

By structuring annotations in JSON, we achieve a trade-off
between flexibility in annotation and accuracy in localizing
chart description flaws. Our standardized template can also
convert natural language chart descriptions into structured
format, enabling precise and meta-element level info (false
or miss) for MLLM optimization. By decomposing into three
dimensions, our GT annotation supports systematic, hierar-
chical assessment of perception and reasoning competencies
in chart description. Fig 1 provides meta-element examples
across layout, fact and analysis.

Char Type Specific Customization. Unlike existing bench-
marks that apply generic QA formats on diverse chart types,
our benchmark customizes GT templates the unique charac-
teristics of each chart type, enabling the key inspection points
coverage that may arise across different types. For example,
numerical-pattern charts (e.g., line/bar charts) emphasize data
values and axis, while structural charts (e.g., flowcharts)
prioritize node relationships.

This type specific customization ensures that annotations
align with the unique visual and semantic properties of each
chart type, avoiding generic annotations that fail to adapt to
the heterogeneous nature of real-world charts.

C. Dataset Analysis

Visual Diversity. To rigorously assess and quantify the
visual diversity of chart images in our proposed benchmark,
we compare DoChartDes with two recently established bench-
marks: ChartX [9] and CharXiv [6]. Using CLIP embeddings
[26], we compute the average pairwise cosine distance be-
tween images within each dataset. Fig 2a confirms this ad-
vantage through DoChartDes (0.51) significantly outperforms
CharXiv (0.27) and ChartX (0.41). These findings demonstrate
DoChartDes provides substantially richer visual heterogeneity
for robust chart description evaluation.

Linguistic Diversity. To further characterize linguistic rich-
ness, we employ GPT-4.1 [25] OCR to extract text and
analyze lexical and semantic diversity. DoChartDes achieves

0.278 Type-Token Ratio (TTR) and 0.831 cosine distance of
Sentence-BERT embeddings [27]), reflecting broader vocabu-
lary and conceptual variability. Fig 2b shows that DoChartDes
performs better on both two dimensions, demonstrating the
benchmark’s linguistic diversity.

III. EVALUATION STRATEGY

Current chart understanding evaluation faces two core chal-
lenges with traditional metrics: (i) Unlike computer vision’s
pixel-level evaluation, description lacks unified elements, lead-
ing to inconsistent metrics calculation due to varying element
granularity. (ii) The absence of hallucination scoring hinders
reliability assessment.

To address these, we propose a fine-grained evaluation suite
that combines coverage and faithfulness as shown in Figure 3.
By unifying element granularity and hallucination detection,
this suite enhances metrics consistency and interpretability.
We assesses MLLMs’ two core capabilities: perception (lay-
out/fact) and reasoning (analysis), all quantitatively evaluated
via coverage and faithfulness criteria.
A. Template-based Meta-elements Matching

We establish chart-type-specific structured meta-element
annotation templates, defining a meta-element e = (c, d, a, v)
and a template T = {ei}Ti=1. c ∈ {perception, reasoning}
denotes the core capability required to process the meta-
element: perception corresponds to recognizing observable
elements in the chart, whereas reasoning corresponds to
deriving implicit insights from the chart content. d ∈
{layout, fact, analysis} denotes the evaluation dimension,
corresponding to layout organization, factual element ex-
traction, and analytical interpretation, respectively. a is the
attribute identifier referring to a specific chart meta-element
(e.g., "x-axis label"). v is the corresponding attribute
value. T denotes the total number of potential elements in the
template for a given chart type.

The GT annotation set G derived from applying T to a real
chart image, generating its meta-elements set:

G = {gk = (ck, dk, ak, v
GT
k )}Kk=1 : (1)

where K is actual meta-elements quantity in the chart image.
The matching mechanism has two phases: extraction and

matching. Firstly, based on the structured meta-elements an-
notation template T , we utilize MLLM as extractor θExt

MLLM to
standardize model output O to a unified level output meta-
elements set Õ:

Õ = θExt
MLLM(O, T ) = {oi = (ci, di, ai, vi)}Ni=1 (2)

where N is the total meta-elements number in Õ.
We acknowledge the critical role of the NL-to-meta-element

extraction step. Early experiments revealed that free-form pars-
ing can be inconsistent across models and languages, motivat-
ing our structured, chart-type-specific templates (Section III)
to standardize meta-element extraction and ensure cross-model
and cross-lingual consistency. The strong alignment between
automated and human scores (Table III) indicates that extrac-
tion errors are neither significant nor systematic; moreover,



FaithfulnessCoverage

Recall PrecisionPerception Reasoning

Layout Dimension

Fact Dimension

Analysis Dimension

MLLM Capabilities

Judgement Foundation

GT: Annotated Meta-elements

Judger: MLLM (GPT-4.1-mini)

GT 
JSON

Model
Output

Match

GT 
JSON

Model 
Output

Match

chart_type:"TP"[Match]

title:"FN"[Miss]

x-axis_label:"FN"[Miss]

y-axis_label:"TP"[Match]

y-axis_range:"TP"[Match]

data_1: "FP"[Conflict]

data_2: "FN"[Miss]

Split Hallucination 

by Meta-element

Judgment

Stage 2: Supp. Judg. on Hallucination

Chart Image

Determine if each meta-element in the GT JSON field 

matches, misses or conflicts in the model output.

Conflicts

Collect

Hallucination

Collect

chart_type:"TP"[Match]
…

data_1: "FP"[Conflict]

data_2: "FN"[Miss]

data_3:"FP"[Hallucination]

Stage 1: Template GT based Meta-elements MatchingTemplate GT based Meta-elements Matching

Fig. 3: DoChartDes’s Chart Description Evaluation Suite via 2 Core Criteria: Faithfulness and Coverage

applying the same extraction protocol to all models preserves
ranking fairness.

Secondly, we equip the MLLM judger θJud
MLLM with a com-

prehensive prompt pool as the rule set R, which formalizes
detailed human expert evaluation experience. Guided by rule
set, MLLM execute judgment at meta-element level, evaluat-
ing each meta-element gk in GT set by comparing it with the
corresponding element in the standardized output set Õ:

J (gk) = θJud
MLLM

 gk
Õ
R

 →


TP : Correct match
FP : Value conflict
FN : Missed

(3)

B. Supplemental Judgment of Hallucination

Template-based evaluation identifies matches, misses, and
conflicts to compute metrics, but overlooks hallucinations
generated by MLLMs that neither exist nor can be inferred
from the image. Approaches rely on GPT to segment output for
precision computation, reflecting the faithfulness of MLLM.
It has two limitations: granularity misalignment between pre-
cision and recall (due to uncertainty of decomposition) and
inability to quantify hallucinations.

To address these challenges, hallucination detection em-
ploys a multi-stage pipeline and is not decided solely by
matching output meta-elements to the GT template. We define
hallucination as an independent error category (FPh), including
attribute (ai /∈ T ) and value hallucinations (vi /∈ I).

J (oi) = θJud
MLLM (oi, I,R) → FPh : ai /∈ T ∨ vi /∈ I (4)

First, the judger takes the whole image I as input; the
template T enforces objective, aligned granularity; and the
extracted meta-elements are compared with the ground truth.
We explicitly distinguish visually grounded inferences (e.g.,
inferring maximum from the tallest bar) from hallucinations
(e.g., fabricating absent categories or values), ensuring mutual
exclusivity. Finally, we remove duplicate detections to prevent
overcounting, enabling accurate metric computation.

C. Metrics of Coverage and Faithfulness

To quantify chart description quality under our meta-
element matching protocol, we report two complementary

metrics: GPT-Recall and GPT-Precision. GPT-Recall char-
acterizes coverage by measuring the proportion of ground-
truth meta-elements correctly recovered, and it decreases with
both omissions (FN) and value conflicts (FP). GPT-Precision
characterizes faithfulness by measuring the proportion of pre-
dicted meta-elements supported by the chart, while penalizing
both conflicts (FP) and hallucinations (FPh). Accordingly, we
compute the metrics from TP, FP, FN, and FPh as follows.

GPT-Recall =
TP

TP + FN + FP
(5)

GPT-Precision =
TP

TP + FP + FPh
(6)

IV. EXPERIMENT

A. Experimental Setup

Models. We benchmark a diverse closed-source and open-
source models in chart description. Closed-source mod-
els include: state-of-the-art performers and their efficiency-
optimized variants: (i) GPT-4.1 and GPT-4.1-mini [25], (ii)
GPT-4o and GPT-4o-mini, (iii) Gemini 2.0 Flash [28]; Open-
source models are categorized by parameter size. Models
with parameters greater than 50B: (i) Qwen2.5-VL-72B [29],
(ii) InternVL3-78B [30]. In the 7-15B parameter range, we
evaluate:(i) Qwen2.5-VL-7B [29], (ii) InternVL3-8B [30], (iii)
Ovis2-8B [31], (iv) Gemma3-12B [32], (v) Phi-4-multimodal-
instruct [33]. In addition, we also evaluate chart-specific
MLLMs: (i) ChartGemma [34], (ii) TinyChart [35].

Implementation Details. We employ GPT-4.1-mini for in-
telligent evaluation, chosen for its cost–accuracy balance. Our
method exhibits no GPT bias and supports easy substitution of
evaluators. Hyperparameters mainly follow VLMEvalKit [36]
settings. Using 20 parallel threads, this benchmark can process
approximately 100 images in 5 minutes. To trade off between
faithfulness and coverage, we use the F1 score as the harmonic
metric of GPT-Precision and GPT-Recall.
B. Results Analysis

We conducted extensive experiments with our proposed
evaluation suite. The main results are presented in Table II.

Meta-element Level Analysis To demonstrate the distinct
strengths and weaknesses of MLLM, we conducted a detailed
meta-element level analysis of the top-performing models from



TABLE II: Evaluation results F1 score (%) on DoChartDes across languages (main headers) and evaluation subsets (sub-
headers). For each language, results are reported across 3 fine-grained dimensions: layout understanding, factual correctness
and analytical reasoning. Models are grouped into 4 categories for comparison. The highest score within each model category
is highlighted in bold.

English German French Spanish Italian Portuguese
Chart Document Chart Document Chart Document Chart Document Chart Document Chart DocumentModel

Fac. Ana. Lay. Fac. Ana. Fac. Ana. Lay. Fac. Ana. Fac. Ana. Lay. Fac. Ana. Fac. Ana. Lay. Fac. Ana. Fac. Ana. Lay. Fac. Ana. Fac. Ana. Lay. Fac. Ana.
Closed-Source Models

Gemini-2.0-Flash 87.6 75.3 86.0 86.7 72.9 85.3 75.8 88.2 81.5 74.6 87.7 81.0 86.2 88.4 87.5 90.5 79.1 87.9 86.8 80.8 87.3 77.1 88.4 87.9 81.3 86.7 76.6 87.1 89.9 80.9
GPT-4o 87.1 77.0 87.5 84.9 72.2 85.4 73.4 90.8 84.1 77.3 83.7 75.0 86.6 87.0 87.7 87.1 71.4 88.9 87.8 78.2 84.9 72.6 91.6 89.4 78.2 85.2 70.8 88.4 87.8 81.0
GPT-4o-mini 79.8 66.8 84.5 78.4 68.6 77.0 63.6 88.2 74.2 68.9 76.7 70.6 84.3 81.1 82.0 79.0 66.7 90.3 83.1 70.4 74.2 67.7 89.2 81.7 76.1 77.0 63.8 87.4 82.0 74.8
GPT-4.1 89.0 77.1 88.2 87.7 75.3 90.5 77.8 91.4 86.9 77.9 88.2 78.7 87.0 89.0 86.7 91.2 79.3 89.0 87.2 80.1 88.2 76.0 90.7 88.9 81.9 88.3 74.5 88.8 91.1 82.3
GPT-4.1-mini 88.4 78.2 87.2 87.8 74.6 90.0 76.9 91.0 88.5 78.7 89.0 82.0 86.9 88.2 88.0 90.2 81.2 87.3 90.6 84.8 89.0 77.8 90.6 89.3 81.1 89.7 77.5 88.3 89.6 82.4

Open-Source Models
Qwen2.5-VL-72B 83.1 74.0 85.9 81.6 71.9 81.5 68.8 77.6 80.9 70.0 85.0 76.2 82.4 85.0 83.6 88.3 76.1 83.0 85.5 82.1 82.4 72.6 86.0 84.6 78.2 86.5 73.3 87.1 86.4 80.8
InternVL3-78B 87.1 75.5 85.8 84.4 75.0 83.2 75.3 89.5 81.3 76.8 85.7 80.2 83.5 84.8 87.0 87.3 78.1 86.2 83.2 80.1 82.3 75.2 85.9 82.1 78.6 83.6 75.5 87.2 86.3 80.8
Qwen2.5-VL-7B 82.2 71.3 81.9 74.9 71.6 74.9 68.3 82.4 75.8 67.3 76.0 74.6 84.5 77.0 78.9 81.3 72.5 80.7 79.9 74.7 77.0 69.9 83.4 79.9 76.5 81.6 68.1 84.8 79.0 77.0
InternVL3-8B 84.6 69.5 83.7 79.8 71.4 78.1 68.1 84.4 72.6 67.7 79.0 72.4 81.8 78.9 81.6 81.9 71.0 82.0 78.7 73.7 78.2 70.9 83.1 75.1 77.6 81.2 69.5 84.9 82.4 79.8
Ovis2-8B 80.9 68.3 82.8 74.2 68.4 70.7 67.3 85.4 67.5 65.3 73.0 73.8 83.0 71.2 80.9 78.9 69.7 82.5 74.3 73.5 73.3 67.8 85.3 70.9 70.7 74.9 70.3 86.4 73.6 75.7
Gemma3-12B 82.1 68.6 84.9 74.6 66.5 76.1 63.3 87.3 67.7 65.0 81.8 69.9 85.6 77.9 80.3 83.7 70.7 87.7 80.5 73.2 79.7 68.7 88.1 78.8 72.9 78.0 69.5 87.1 78.9 74.6
Phi-4-multimodal 74.2 68.2 84.1 69.5 67.1 56.1 59.2 79.2 44.5 61.2 57.2 68.1 76.7 59.3 73.0 60.2 62.9 78.5 58.9 63.1 40.3 53.6 68.1 36.1 55.6 52.3 53.1 80.9 51.9 65.5

Chart-Specific Models
ChartGemma 32.1 32.9 67.6 25.7 35.8 16.0 28.4 69.6 20.2 34.6 23.1 29.2 70.9 24.4 40.4 23.3 32.0 69.3 18.4 26.9 17.8 21.7 67.5 14.5 32.6 16.9 24.2 66.3 17.2 29.6
TinyChart 22.9 25.3 56.1 17.0 22.0 13.0 11.6 50.4 8.4 9.9 17.4 12.4 52.6 14.5 6.3 17.6 13.9 50.5 11.9 10.0 13.5 12.8 49.6 10.0 11.1 15.9 11.3 52.5 9.4 7.9
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Fig. 4: Heatmap of meta-element level F1 score comparisons
among the SOTA models across categories. summ: summary,
stat: statistic.

3 groups. As shown in Fig 4, GPT-4.1 maintains balanced per-
formance across all dimensions. while InternVL3-78B excels
in fact dimension (e.g., “data” and “node”), it underperforms in
“axis” and “image” parsing compared to GPT-4.1. Meanwhile,
Qwen2.5-VL-7B shows balanced performance but identifies
areas for enhancement. These findings offer valuable insights
for optimization in specific meta-elements.

Results Observations. Closed-source models lead overall,
while open-source models catching up. Leading closed-
source models, like GPT-4.1, achieve top-tier performance
across nearly all tasks. Concurrently, premier open-source
models like InternVL and Qwen follow closely. Chart-specific
models significantly underperform general-purpose MLLMs.

All models excel at factual descriptions but struggle with
analytical reasoning. Both closed-source and open-source
models score higher on perception (Lay. and Fac.)than reason-
ing (Ana.). Meanwhile, open-source models are competitive
but lag in reasoning, pointing to a future development direction
and underscoring DoChartDes as a challenging benchmark.

Evaluation Consistency Analysis. We sampled 200 im-
ages, ensuring balanced coverage across chart types, language
and difficulty. Six language-proficient evaluators cross vali-
dated description generated by Qwen2.5VL-72B, GPT-4o-mini
and Gemini 2.0 Flash. We used 7 metrics to assess ranking
consistency, individual numerical error and overall bias be-
tween intelligent and human evaluation: Pearson correlation
coefficient (PCC) r, Spearman’s rank correlation coefficient

TABLE III: Comparison of intelligent evaluation consistency
with human experts. Our method demonstrates significantly
higher correlation and lower error than GPT-score.

Metric PCC r Sp ρ Kd τ Sp τ RMSE MAE MBE
GPT-score [9] 0.09 0.17 0.14 0.05 25.61 19.80 13.84
Ours 0.80 0.65 0.56 0.42 10.10 5.62 1.73

ρ, Kendall’s τ (Kd τ ), Sample τ (Sp τ ), root mean square
error (RMSE), mean absolute error (MAE) and mean bias
error (MBE). Sp τ computes Kd τ for each sample’s metrics
independently, and use the average value as final result. In
addition to our intelligent evaluation suite, we also apply
GPT-score for comparison, a metric previously used in chart
description tasks [8], [9].

To address parsing inconsistencies observed in preliminary
free-form extraction experiments, we introduce chart-type-
specific structured templates that ensure robust, consistent
meta-element extraction (Section III-A). As shown in Table
III, our method outperforms GPT-score across all dimensions:
strong ranking consistency with human evaluation (PCC r =
0.80, Sp ρ = 0.65, Kendall τ = 0.56) and substantial error
reduction (60.6% in RMSE, 71.6% in MAE and 87.5% in
MBE). Strong human alignment validates both the extraction
pipeline’s reliability and framework’s fidelity.

V. CONCLUSION

Chart description in document contexts is pivotal for mul-
timodal data-to-text, current benchmarks remain constrained
by closed-response paradigms that fail to capture real-world
complexity. We bridge this critical gap with DoChartDes,
the benchmark designed for fine-grained chart description
evaluation, featuring 3 contributions: (i) Meaningful chart
diversity with multilingual and multi-layout; (ii) Fine-grained
evaluation suite: metrics assess faithfulness and coverage
through structured annotations; (iii) Efficient expert-aligned
intelligent evaluation process: high consistency with human
experts while reducing time. DoChartDes sets a direction for
MLLM evaluation, enabling precise weaknesses identification.
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