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Abstract

Chart understanding plays a pivotal role when applying Multimodal Large Lan-
guage Models (MLLMs) to real-world tasks such as analyzing scientific papers
or financial reports. However, existing datasets often focus on oversimplified and
homogeneous charts with template-based questions, leading to an overly optimistic
measure of progress. We demonstrate that although open-source models can appear
to outperform strong proprietary models on these benchmarks, a simple stress test
with slightly different charts or questions can deteriorate performance by up to
34.5%. In this work, we propose CharXiv, a comprehensive evaluation suite in-
volving 2,323 natural, challenging, and diverse charts from arXiv papers. CharXiv
includes two types of questions: 1) descriptive questions about examining basic
chart elements and 2) reasoning questions that require synthesizing information
across complex visual elements in the chart. To ensure quality, all charts and
questions are handpicked, curated, and verified by human experts. Our results
reveal a substantial, previously underestimated gap between the reasoning skills of
the strongest proprietary model (i.e., GPT-4o), which achieves 47.1% accuracy, and
the strongest open-source model (i.e., InternVL Chat V1.5), which achieves 29.2%.
All models lag far behind human performance of 80.5%, underscoring weaknesses
in the chart understanding capabilities of existing MLLMs. We hope that CharXiv
facilitates future research on MLLM chart understanding by providing a more
realistic and faithful measure of progress.

1 Introduction

Multimodal Large Language Models (MLLMs) [4, 56, 14, 82, 54, 16, 17, 12, 40, 41, 7, 2, 5, 73, 78,
49] are highly versatile and effective for a wide range of real-world applications [64, 69, 20, 57, 92,
61, 68, 60, 93]. Within these applications, chart understanding is a highly desired capability as charts
are ubiquitous in scientific papers, financial reports, and news articles. It also poses unique challenges
where models need to perform complex reasoning over numerical data, textual labels, and complex
visual elements to answer difficult questions (see Fig. 1), thus making chart understanding a suitable
measure of progress for MLLMs. Many benchmarks in the popular MathVista evaluation suite [60] are
designed to test chart understanding. However, these benchmarks lack diversity in both the types and
complexity of the charts and the often template-based questions (§2.1). For example, FigureQA [36]
and DVQA [35] rely on procedurally generated question templates. While ChartQA [64] includes
a mixture of handwritten and machine-generated questions, the charts lack visual diversity due to
the homogeneous appearance of the charts from a limited number of sources. Regardless, many
proprietary models [2, 78, 5, 73] and open-source models [12, 17, 16, 41, 31, 49, 55, 21] are evaluated
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Descriptive Question: For the subplot at row 2 and column 1, do any 
lines intersect?

GPT-4o: Yes, the lines intersect in the subplot at row 2 and column 1.

InternVL Chat V1.5: No

IDEFICS 2: No.


Descriptive Question: What is the layout of the subplots?

GPT-4o: The layout of the subplots is 2 by 1.

InternVL Chat V1.5: 2 by 1

IDEFICS 2: 2 by 2.


Descriptive Question (Unanswerable): For the subplot at row 2 and 
column 1, what is the difference between the maximum and minimum 
values of the tick labels on the continuous legend (i.e., colorbar)?

GPT-4o: The subplot at row 2 and column 1 does not have an explicit 
colorbar-based continuous legend. Therefore, the answer is "Not 
Applicable".

InternVL Chat V1.5: Not Applicable

IDEFICS 2: 40

Reasoning Question: What is the name of the country that has a 
significant bounce for Excess Google searches of cough, fever and 
sick shortly after April?

GPT-4o: Italy

InternVL Chat V1.5: Italy

IDEFICS 2: Italy.

Figure 1: Example chart (left), descriptive questions (top-right) and reasoning questions (bottom-
right) in CharXiv where open-source models even fail in basic descriptive questions. Moreover, all
models struggle with correctly answering the reasoning question.

on these datasets.1 These narrow evaluations create the appearance that the open-source models
outperform proprietary ones2, despite evidence to the contrary: we designed simple stress tests (§2.2)
in which we find that open-source models lag far behind proprietary ones in their robustness to small
visual or textual changes. For example, the accuracy of SPHINX V2 dropped from 63.2% to 28.6%
with a 34.5% gap when questions are slightly modified with respect to the same set of charts.

We introduce CharXiv, a comprehensive evaluation suite for complex understanding of natural,
challenging, and diverse charts (§3) to address the above issue. CharXiv consists of 2,323 real-world
charts handpicked from scientific papers spanning 8 major subjects published on arXiv (§3.1). We
explicitly disentangle visual understanding and reasoning by designing two types of questions (§3.2):
(1) descriptive questions, requiring understanding basic chart information such as the title, labels,
and ticks; (2) reasoning questions, requiring comparisons, approximations, and fine-grained analysis.
CharXiv is an especially high-quality dataset where all questions are manually curated by human
experts, and all ground-truth answers are validated by hand. To answer both types of questions, the
model only needs to understand the visual contents of the chart without advanced domain-specific
knowledge and contextual information. Evaluating an MLLM on CharXiv is straightforward, because
we impose a short answer format that is amenable to LLM-based automatic grading.

We extensively evaluate 13 open-source models and 11 proprietary models (§4.1) and identify a large
disparity between the strongest open-source and proprietary models (§4.2): InternVL Chat V1.5
correctly answers only 29.2% of the reasoning questions and 58.5% of the descriptive ones, whereas
GPT-4o correctly answers 47.1% of the reasoning questions and 84.5% of the descriptive ones
(Tab. 3). As shown in Fig. 2, the performance gap in the reasoning questions of 17.9% is significantly
larger than the gap identified in prior works [35, 36, 64]. Further, both types of models lag far behind
the human performance of 80.5% on the reasoning questions and 92.1% on the descriptive ones.
Fine-grained analysis of model performance (§4.3) shows several insights owing to the design of
CharXiv. In particular, we characterize: (1) differences in reasoning and descriptive capabilities,
exploring when one skill reinforces the other; (2) what types of tasks and charts are difficult for
existing MLLMs; (3) how different MLLMs respond to unanswerable questions. Overall, we hope
that CharXiv enables a thorough, multi-faceted evaluation of chart understanding in MLLMs.

1We note that there are several more sophisticated benchmarks [86, 85, 53] that have recently been released.
We discuss key differences between CharXiv and these benchmarks in §2.1.

2See the FQA (i.e., Figure QA) column of the MathVista leaderboard. Throughout the paper, “open-source”
refers to models with publicly available weights.
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Figure 2: Model performance comparison on reasoning questions from CharXiv v.s. questions from
existing benchmarks. As indicated by the red and blue bars resepctively, many open-source models
surpass proprietary model performance on the174 sample questions from existing benchmarks
(subsets of DVQA, FigureQA and ChartQA from thetestminisplit of MathVista) yet fail consistently
on the1000reasoning questions from the validation split of CharXiv.

2 Existing Benchmarks Overestimate Chart Understanding Capabilities

2.1 Related Works

Existing benchmarks such as FigureQA [36], DVQA [35], PlotQA [71] do not fully capture the
complexity and diversity of real-world charts due to their synthetic nature, while charts in ChartQA
[64] lack visual diversity. More recent benchmarks such as MMC [53], ChartBench [86] and ChartX3

[85] also contain issues with the source or diversity of the charts (e.g.,ChartX, MMC) and the types of
questions (e.g.,MMC, ChartBench). We provide a summary of existing benchmarks' design choices
in Tab. 1 and a detailed review below. We provide a more detailed related works on Multimodal
Large Language Models and More MLLM benchmarks in App. B.

Table 1: Design choice of chart understanding bench-
marks. We use the following shorthand: Vis. Div.= visual
diversity, Temp.= template, Knwl.= knowledge, and
Vocab.= vocabulary. Cells marked with “3 –” indicate
mixed attributes(e.g., real and synthetic data; real and
synthetic chart).

QUESTION TYPE ANSWER

Name Real Real Vis. Temp. Free Knwl. Open
Data Chart Div. Based Form Free Vocab.

QA-Based
FigureQA [36] 7 7 7 3 7 3 7
DVQA [35] 7 7 7 3 7 3 3
PlotQA [71] 3 7 7 3 7 3 3
ChartQA [64] 3 3 7 7 3 3 3
ChartBench [86] 3 – 3 – 3 3 7 3 7

Multi-Task
MMC [53] 3 3 7 7 3 7 3
ChartX [85] 7 7 3 7 3 3 3

CharXiv 3 3 3 3 3 3 3

Chart source. FigureQA, DVQA and
PlotQA use plotting software to synthe-
size charts restricted to very few prede-
�ned chart types with stylistically similar
elements (see Figs. 8(a), 8(b) and 8(c)).
ChartQA sources charts from only 4 web-
sites, each of which lacks visual diversity
(see Fig. 8(d)). One such website also
served as the primary source of charts
for reasoning questions in MMC. On
the other hand, ChartX provides �xed
instructions to GPT-4 to write code to
procedurally generate prede�ned types
of charts and settings in bulk. All of
these approaches yield arti�cial charts
belonging to a narrow distribution.

Question types. Existing benchmarks
lack variation in their questions: Fig-
ureQA, DVQA and PlotQA use a �xed
template to generate QA pairs, while
ChartBench adopts an automatic QA generation pipeline according to 4 prede�ned tasks. However,
similar to MMMU [93], more complex reasoning questions from MMC cannot be solved from the
charts alone and require external domain-speci�c knowledge (e.g., mapping acronyms in the legend
to particular algorithms).

Answer & validation. FigureQA and ChartBench both evaluate model performance based only on
yes/noquestions. Evaluating models on binary answers does not faithfully re�ect their performance
in the natural use case of general free-form question answering [48].

2.2 Open-Source MLLMs Are Sensitive to Perturbations

Many open-source models have adapted the training sets of existing benchmarks [36, 35, 64] for
visual instruction tuning [56] and show promising performance in their respective evaluation sets.
However, due to the aforementioned issues with the diversity of these benchmarks, the evaluation

3Due to limited public availability of the MMC and ChartBench data, our assessment is based on the papers.
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data is too similar to the training data. As a result, evaluation scores often do not accurately re�ect
the general chart understanding capabilities of MLLMs. In particular, we demonstrate below that
simplemodi�cations in the evaluation components lead todrasticchanges in model performance.

Models. We selected open-source models that are known to be trained on the training set of
DVQA and ChartQA: Mini-Gemini (MGM) [49], InternVL-XComposer2 (IXC2) [16], InternVL-
XComposer2 4KHD (IXC2 4KHD) [17], InternVL-Chat V1.5 [12], SPHINX V2 [21], LLaVA 1.6
[55], and IDEFICS 2 [41]. We compare their performance with proprietary models [2, 5, 73].

Figure 3: Open-source models generalize poorly to modi�ed examples (measured by accuracy). Left:
original set against modi�ed-questionset. Right: original set against modi�ed-chart set.

Evaluation set. We extracted subsets of DVQA, FigureQA, and ChartQA from MathVista. This
yields 174 samples, and we refer to it as theoriginal set. To test the robustness of the models
mentioned above, we created two modi�ed versions of the original set: the modi�ed-question set
(see App. S) and the modi�ed-chart set (see App. T). In the modi�ed-question set, we retain the
original chart, but write novel questions that deviate from the prede�ned templates [36, 35]. In the
modi�ed-chart set, we alter the charts to those from arXiv with similar visual complexity that can be
asked with the same types of questions. We manually annotate all questions and answers in both the
modi�ed-question and the modi�ed-chart set. As in the original set, we maintain an equal number of
yes and no answers in the original set to prevent models from achieving arti�cially high scores by
simply outputting one response more often than the other, and adopt the same evaluation protocol as
in MathVista.

Results.As plotted in Fig. 3, all proprietary models remain close to the diagonal line, indicating good
generalization in both modi�ed-question and modi�ed-chart scenarios. In contrast, most open-source
models exhibit signi�cant performance degradation in both settings, indicating poor generalization.
We observe the most pronounced performance drop in SPHINX V2 in the modi�ed-question set,
where performance dropped by 34.5%, from 63.2% in the original set to 28.7% in the modi�ed-
question set. Our �ndings demonstrate that design strategies in existing benchmarks lead to an
overestimationof chart understanding capabilities for open-source models. We hypothesize that the
training and evaluation datasets are too similar, so models appear to generalize well despite not being
robust to simple modi�cations. In the next section, we introduce CharXiv, which features a more
natural, challenging, and diverse evaluation of real-world charts.

3 CharXiv: A Real-World and Challenging Chart Understanding Benchmark

CharXiv is a comprehensive and challenging chart understanding benchmark sourced solely from
real-world charts. We select diverse, naturally occurring, and complex �gures from arXiv preprints,
and manually construct descriptive and reasoning questions that require intensive visual and numerical
analysis. CharXiv consists of 2,323 charts paired with more than 10K questions—we randomly
sample 1,000 charts as the validation set and use the rest as the test set.4 In the following sections, we
describe how we select charts (§3.1), construct questions (§3.2), and validate model responses (§3.3).

4Similar to MathVista [60] and MMMU [93], we release all QA pairs for the validation set and keep the
answers to the test set private to prevent data leakage.
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Figure 4: Metadata breakdown of charts, descriptive questions, and reasoning questions in CharXiv.

3.1 Chart Curation

Figure source.We downloaded all arXiv preprints on eight academic subjects from January 2020 to
September 2023 (Fig. 4) and extracted �gures from the source �les. All �gures were re-rendered into
high-resolution JPEG format, with the longer side of each �gure resized to1024px.

Chart selection. We de�ne a chart asany �gure that visually illustrates data. Most �gures in
arXiv source �les are diagrams, illustrations, and natural images,not charts. To identify charts and
promote visual diversity, we apply a four-step selection pipeline. First, we utilize a pretrained SigLIP
visual encoder [94] to identify candidate �gures that exhibit a cosine similarity of at least0:65with
the average image embedding of existing charts from MathVista [35, 36, 64, 60]. We choose this
target similarity to balance identifying charts and ensuring good coverage of the visually diverse
distribution. Second, we recruit experienced graduate students to manually select charts from the
candidate set. Concretely, we randomly sample 750 candidate �gures from the pre-�ltered set for
each subject and year, and present 10 �gures at a time to the annotators, asking them to select a single
�gure that is a chart and looks different from previously selected datapoints (see App. R.1 for details).
In the third step, we remove the charts that exhibit large (� 0:95) pairwise cosine similarities with
the other candidates. Finally, we remove the charts that are not clearly labeled or appear blurry. At
the end of this four-step pipeline, we have 2,323 charts in total.

We provide details of the chart categories, years, and number of subplots in Fig. 4, size information in
Tab. 2, and a collage of sampled charts in Fig. 8(e). Notably, the charts in CharXiv exhibit far greater
compositional and stylistic complexity compared to those in existing datasets. A single chart often
combines elements or subplots featuring multiple chart types (e.g., lines and bars in one plot). To
aggregate statistics on chart types, we �rst query GPT-4o to generate potential chart types for each
chart. Human annotators then review and re�ne this list, assigning a primary chart type based on the
chart's most salient features. We provide chart type statistics in Fig. 5.

3.2 Question Construction

We construct two types of questions:descriptiveandreasoning. Descriptive questions assess models'
capability in extracting and aggregating basic information from charts, and reasoning questions
evaluate a model's ability to perform complex visual reasoning.

Descriptive questions. We designed a total of 19 templates for descriptive questions that require
(1) identifying basic information, such as the title, axis labels, legend labels, labeled ticks, or (2)
aggregating chart information to count ticks, recognize data patterns, and enumerate labels. These
questions are broadly categorized into �ve groups: information extraction, enumeration, pattern
recognition, counting, and compositionality (see App. O.1 for details). Although descriptive questions
are intended to be easier than reasoning questions, they can still pose challenges due to the complexity
of the charts. For example, answering descriptive questions about charts with multiple subplots
requires the model to �rst identify the relevant subplot5 (see Apps. U.1, U.7 and U.10). If basic
elements such as the legend, axis, and title are shared across multiple subplots, the model must then
also grasp the relationships among the subplots to extract the correct information (see Apps. U.3
and U.23). We pair each chart with four descriptive questions and one of them is intentionally

5We use the pre�x “for the subplot at row N and column M” when subplots form a grid or a descriptione.g.,
“ for the bottom left subplot” otherwise. BothN andM start from 1.
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Figure 5:Statistics of chart types.CharXiv captures a long tail of chart categories in-the-wild.

designed to beunanswerable6, where the requested information does not exist or is not applicable
to the subplot in the chart. We provide the distribution of speci�c questions in Fig. 4, aggregated
statistics of questions and answers in Tab. 2, and a screenshot of the labeling process in App. R.2.

Table 2: CharXiv dataset statistics.
Unique tokens and question & an-
swer lengths are calculated based
on the GPT-4o tokenizer.

Statistics Value

Charts
Total Charts 2; 323
Total Subjects/Years 8=4
Val:Test 1; 000=1; 323
Average size (px) 996� 702
Maximum size (px) 1024� 1024

Descriptive Questions
# questions 9; 292
# unique questions 19
Answer
- # unique. tokens 3; 723
- maximum length 138
- average length 2:93

Reasoning Questions
# questions 2; 323
# unique questions 2; 323
Question
- # unique tokens 5; 114
- maximum length 144
- average length 22:56
Answer
- # unique tokens 2; 177
- maximum length 38
- average length 2:8

Reasoning questions.Wemanuallycraft one reasoning ques-
tion for each chart to evaluate the models' ability to perform
visual and numerical reasoning. To ensure data quality, we re-
cruit graduate students as annotators. Annotators are presented
with a chart and 10 sample reasoning QA pairs generated by
GPT-4V. Based on the diversity and practicality of the sample
questions, annotators choose or modify one of the samples, or
they create their own question for each chart. The resulting ques-
tion must have a de�nite and unambiguous answer and must
strictly adhere to one of the following four types:
• text-in-chart: The answer is a piece of text found in the chart

(see Apps. V.1, V.2 and V.6).
• text-in-general: The answer is an easily veri�able phrase that

is not necessarily in the chart (see Apps. V.3, V.4 and V.30).
• number-in-chart: The answer is a numerical value written on

the chart (see Apps. V.7, V.9 and V.12).
• number-in-general: The answer requires an exact numeri-

cal value, not necessarily found in the chart, to a speci�ed
precision (see Apps. V.5, V.14 and V.15).

One notable feature of our reasoning questions is that they are
designed to requireonlyvisual and numerical reasoning, with-
out the need for advanced domain-speci�c knowledge or ac-
cess to captions and referencing paragraphs. This sets CharXiv
apart from MathVista [60], MMMU [ 93], and arXiv-based QA
datasets [53, 47, 46], which often require additional expert
knowledge. Although our curation process requires signi�cant
human effort to craft question-answer pairs, we believe that it promotes originality, diversity, accuracy,
and answerability. The distribution for both QA sources and answer types is shown in Fig. 4 and the
aggregated statistics of the questions and answers are shown in Tab. 2. We provide a screenshot of
the annotation interface in App. R.3, and the response generation instructions for each type of answer
in App. P.1.

3.3 Evaluation Metrics

CharXiv is amenable to automatic grading due to the unambiguous nature of the answers. Considering
the fact that many charts contain Greek symbols and math notation that can be typed in different
ways (e.g.,� and$nalpha$ ; T�a_b andT_b�a), we opt out of exact match and instead use GPT-4o
[2] to extract the answer, compare with the human reference for consistency, and assignbinaryscores
based on the correctness. This procedure can be considered an LLM judge based on human reference.

6This is inspired by similar designs in SQuAD 2.0 [75] and WebArena [99].
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Similar GPT-assisted evaluations have become commonplace in many established benchmarks
[60, 92, 18]. Grading instructions for descriptive and reasoning questions are provided in App. O.2
and App. P.2 respectively. To verify the effectiveness and fairness of the judge, we also performed
human annotation in which we graded a total of 400 descriptive and reasoning questions in 4 models.
Grades from GPT-4o and humans on models' responses match 98.5% of the time. We provide detailed
metrics in Tab. 18 and Tab. 19.

4 Experiments

4.1 Experimental Setup

Models. We evaluate a diverse set of general-purpose multimodal large language models (MLLMs)
that can (1) process input resolution greater than or equal to448� 448and (2) achieve a score of
at least 36 on thetestminiset of MathVista [60]. For open-source models, we test: InternVL Chat
V1.5 [12], InternLM-XComposer2-4KHD (IXC2 4KHD) [17], InternLM-XComposer2 (IXC2) [16],
LLaVA 1.6 Yi 34B [55], LLaVA 1.6 Mistral 7B [55], DeepSeek VL [59], MoAI [ 42], IDEFICS 2
[41], IDEFICS 2 Chatty [41], SPHINX V2 [21], Mini-Gemini (MGM) HD Yi 34B [49], Mini-Gemini
(MGM) HD LLaMA3 8B [49], and MiniCPM-V2 [31] (See more model details in Tab. 16). We also
evaluate the following proprietary models: GPT-4o [2], GPT-4V [2], Claude-3 Opus [5], Claude 3
Sonnet [5], Claude 3 Haiku [5], Reka Core [73], Reka Flash [73], Reka Edge [73], Gemini 1.0 Pro
[78], Qwen VL Plus [7], and Qwen VL Max [7]. For all models, we provide generation con�gurations
in Tab. 15.

Baselines.We provide a text-only baseline, denoted as Random (GPT-4o), where we prompt GPT-4o
to reasonably guess the answer without seeing the charts (see the prompt in App. Q). This accounts
for the effect of using common sense or shallow cues in textual queries to correctly guess the answer.
We also recruit in-house human participants and report their performance (i.e.,Human) on CharXiv.
Notably, we ensure that the participants see the exact same questions and instructions as the models
and that their responses are evaluated in the same way as the models' responses. This approach
allows us to fairly compare the performance gap between humans and models.

4.2 Experimental Results

We provide quantitative results on the validation set for all models in Tab. 37. Results on the test
set are available in Tab. 5. To better understand where models fail, we select a set of representative
models [2, 5, 73, 12, 49, 41] and present examples of failure cases for 30 descriptive questions in
App. U and 30 reasoning questions in App. V. The latest results are in our leaderboard.

All models struggle with reasoning questions. As shown in Tab. 3, the top-performing model,
GPT-4o, only correctly answers47:1% of the reasoning questions, exhibiting a33:4% gap to the
human performance of80:5%. Moreover, the strongest open-source model, InternVL Chat V1.5,
only correctly answers29:2% of the reasoning questions, highlighting a substantial gap between
the leading proprietary and open-source models. Notably, none of the other open-source models
can correctly answer more than25%of the reasoning questions, indicating marked weaknesses in
handling the diverse and challenging chart reasoning questions in CharXiv despite achieving decent
performance in existing benchmarks [35, 36, 64, 60] (e.g.,see Fig. 2).

Open-source models still struggle with descriptive questions.The leading proprietary model,
GPT-4o, exhibits strong capabilities in answering descriptive questions, lagging just7:65%behind
human performance. However, similar to our �ndings on reasoning questions, the top-performing
open source model, InternVL Chat V1.5, exhibits a25:95%drop in performance compared to GPT-4o.
Overall, the performance of open-source models on descriptive questions remains very low, with
most models failing to correctly answer more than50% of questions.

4.3 Analysis

Descriptive skills are a prerequisite for reasoning. We �nd that models with strong reasoning
capabilities exhibit strong descriptive capabilities, but the reverse isnot guaranteed (e.g., see Gemini

7Results for Tab. 3 have a cutoff date of June 12, 2024. For additional evaluations conducted after June 12,
2024 and before October 30, 2024, we provide the results in Tab. 4.
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Table 3: Evaluation results on the validation set. Bold numbers represent the best in-class perfor-
mance (open-source or proprietary), andunderlinednumbers represent the second-place. Models
with (*) are those whose performance is constrained by input resolutions (see Tab. 16 for de-
tails). Info. Extr.= information extraction, Enum.= enumeration, Patt. Rec.= pattern recognition,
Cntg.= counting, Comp.= compositionality. Details for these categories are shown in Fig. 4 and §3.2.
Cutoff date: June 12, 2024. Evaluation results on more models are provided in Tab. 4.

Model

Reasoning Questions Descriptive Questions

Text in Text in Num. in Num. in Info. Enum. Patt. Cntg. Comp.All
Chart General Chart General

All
Extr. Rec.

Baselines

Human 80.50 77.27 77.78 84.91 83.41 92.10 91.40 91.20 95.63 93.38 92.86
Random (GPT-4o) [2] 10.80 4.32 39.39 5.60 16.16 19.85 21.65 16.71 23.80 25.70 5.36

Proprietary Multimodal Large Language Models

GPT-4o [2] 47.10 50.00 61.62 47.84 34.50 84.45 82.44 89.18 90.17 85.50 59.82
GPT-4V [2] 37.10 38.18 57.58 37.93 25.33 79.92 78.29 85.79 88.21 80.92 41.07
Claude 3 Sonnet [5] 32.20 31.59 50.51 31.47 26.20 73.65 75.74 81.92 76.64 72.26 8.48
Claude 3 Haiku [5] 31.80 29.77 45.45 34.48 27.07 65.08 69.87 69.98 64.85 61.83 8.04
Claude 3 Opus [5] 30.20 26.36 50.51 33.62 25.33 71.55 75.62 73.69 73.58 70.48 26.79
Reka Core [73] 28.90 27.50 41.41 28.45 26.64 55.60 58.90 50.52 65.72 71.25 10.71
Reka Flash [73] 26.60 26.59 39.39 30.60 17.03 56.45 61.39 48.59 69.87 72.52 7.14
Qwen VL Max [7] 24.70 26.14 41.41 24.57 14.85 41.48 50.42 28.41 53.71 51.15 4.46
Reka Edge [73] 23.50 20.23 32.32 30.60 18.78 33.65 36.65 28.49 34.72 52.16 4.91
Gemini 1.0 Pro [78] 22.80 20.91 48.48 18.10 20.09 54.37 67.97 39.23 60.48 62.60 8.93
Qwen VL Plus [7] 16.00 15.45 45.45 12.07 8.30 28.93 33.33 17.92 32.10 56.23 2.23

Open-Source Multimodal Large Language Models

InternVL Chat V1.5 [12] 29.20 30.00 45.45 32.33 17.47 58.50 69.63 52.95 53.06 64.63 5.80
MGM HD Yi 34B [49] 25.00 26.59 43.43 27.16 11.79 52.68 53.86 55.04 65.50 53.94 2.23
IXC2 4KHD [17] 25.00 23.86 43.43 29.31 14.85 54.65 61.09 54.08 51.53 59.80 6.70
LLaVA 1.6 Yi 34B* [55] 22.50 20.45 37.37 23.71 18.78 51.05 46.38 63.44 56.11 51.91 5.80
MGM HD LLaMA3 8B [49] 19.00 19.77 36.36 21.12 7.86 44.42 49.41 39.23 51.09 55.98 1.79
IXC2* [16] 18.70 16.14 38.38 21.98 11.79 38.75 34.10 43.58 46.72 52.93 5.80
MiniCPM-V2 [31] 18.50 17.95 33.33 19.40 12.23 35.77 39.74 36.56 26.42 44.53 5.36
IDEFICS 2 [41] 18.20 15.45 35.35 17.24 17.03 32.77 36.12 27.28 40.83 43.26 3.12
IDEFICS 2 Chatty [41] 17.80 15.45 34.34 19.83 13.10 41.55 34.88 54.56 45.63 44.27 6.70
MoAI* [42] 17.50 9.32 36.36 21.12 21.40 28.70 31.20 21.23 39.96 40.46 7.59
DeepSeek VL [59] 17.10 16.36 32.32 19.83 9.17 45.80 49.11 45.20 42.79 60.31 4.91
SPHINX V2* [21] 16.10 13.86 28.28 17.67 13.54 30.25 35.59 24.37 41.05 29.52 1.79
LLaVA 1.6 Mistral 7B* [55] 13.90 11.36 32.32 16.81 7.86 35.40 34.70 33.98 48.91 42.49 8.48

1.0 Pro, IDEFICS 2 Chatty and DeepSeek VL in Tab. 3). Manual inspection of models' answers to
reasoning questions reveals that some models [73, 49, 7, 42] leverage zero-shot Chain-of-Thought
(CoT) reasoning [84, 97] to answer the reasoning questions. However, such CoT may not always
be helpful, especially when models cannot accurately describe the chart, as we show in Apps. U.13,
U.28, V.1 and V.17. Quantitatively, we show in App. I that longer responses (e.g.,those potentially
containing more CoT traces) cannegativelyimpact models' performance on reasoning questions.
This issue is especially clear in models with low accuracy on descriptive questions, such as MoAI
and Qwen VL Plus, which answer28:70% and28:93% of descriptive questions correctly. In contrast,
models with higher accuracy on descriptive questions, such as Mini-Gemini HD Yi 34B and Reka
Flash, which achieve52:68% and56:45%, respectively, show improved performance on reasoning
questions when generating lengthy responses. Nevertheless, the vast majority of models exhibit
performance uncorrelated with response length. Thus, we hypothesize that a model must have a
strong basic understanding in order to generate helpful multimodal CoT for reasoning.

Models struggle with compositional tasks that are easy for humans.We �nd that the descriptive
task that most strongly differentiates the capabilities of the leading open-source, the top-performing
proprietary model, and humans is to count the number of labeled ticks on the x- and y-axes (see
App. U.28), on which they achieve92:86%, 59:82% and5:80% accuracy respectively. Although
counting is easy for humans, this particular task causes 20 out of 24 models to achieve an accuracy
below10% (our random baseline achieves5:35%). While we do not speci�cally measure how close
each model's responses are to the ground truth, a near-random performance pinpoints the weakness
of MLLMs in solving compositional and novel chart understanding tasks.

Weak models cannot identify unanswerable questions.CharXiv is the �rst work to introduce
unanswerable questions in chart understanding. As discussed in §3.2,25% of descriptive questions
are designed to be unanswerable, where the requested information does not exist or is not applicable
to the target subplot in the chart (see Apps. U.2, U.4, U.6, U.12, U.14, U.16, U.18, U.20, U.22, U.24
and U.26). We measure how often models can correctly identify and suitably respond to unanswerable
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(a) (b)
Figure 6: Analysis on unanswerable questions (a) and charts with subplots (b).

questions in Fig. 6(a). Interestingly, the models that achieve an accuracy below80% on unanswerable
questions each exhibit idiosyncratic patterns of failure. For example, IDEFICS 2 Chatty incorrectly
responds to nearly90% unanswerable questions about the title, x- and y-axis labels, yet correctly
identi�es more than90% of unanswerable questions about intersections of lines and the presence of
the legend. On the other hand, IXC 2 correctly respond to80% questions about names of title, x- and
y-axis labels that are unanswerable, yet fails to identify unanswerable cases for the difference in tick
values when ticks are categorical or the difference is not constant.

In addition, we evaluate models' performance on descriptive questionswithoutunanswerable ques-
tions in Tab. 12, and �nd that the overall performance for the majority of the proprietary models
appears to bene�t from the exclusion of unanswerable questions, while most open-source models
exhibit degraded overall performance when unanswerable questions are excluded.

Descriptive capabilities degrade with more subplots. CharXiv is the �rst work to aggregate
detailed statistics on the number of subplots in each chart, so we are able to conduct a �ne-grained
analysis of how the performance of proprietary models and open-source models changes with the
number of subplots in the chart. As shown in Figure 6(b), a representative set of open-source
and proprietary models struggle to answer descriptive questions about charts with more subplots.
With 6+ subplots, the deterioration is30%–50% for open-source models and only10%–30% for
proprietary models. This indicates that all MLLMs are weaker in handling descriptive queries for
charts with more subplots, and such performance deterioration is exacerbated in open-source models.
We hypothesize that this is because open-source models are instruction-tuned on chart datasets that
do not contain subplots, such as DVQA and ChartQA. On the other hand, there appears to be no clear
correlation between reasoning capabilities and the number of subplots.

Model performance varies among different subjects. Although the questions in CharXiv are
designed to be answerable without domain-speci�c knowledge, we measure the models' performance
on individual subjects (see Fig. 4). All models show consistently weaker descriptive capabilities
on physics-related charts and stronger performance on charts containing electrical engineering and
systems science, quantitative �nance, and economic data (see Tab. 6). On the other hand, models
exhibit idiosyncratic reasoning capabilities over different subjects, demonstrating no clear pattern
(see Tab. 7). Interestingly, the strongest open-source model, InternVL Chat V1.5, matches GPT-4V
in correctly answering39:26% of the reasoning questions from charts in the math domain, but it
signi�cantly lags behind in other domains, exhibiting gaps greater than20% in the physics and
electrical engineering and systems science domains. These patterns suggest that (1) charts from
certain domains are inherently dif�cult for models to describe and (2) there exist unique skills that
are required to perform complex reasoning over charts from different domains.

Model performance varies across chart types.Our analysis of model performance across different
chart types is presented in Tab. 13 for descriptive questions and Tab. 14 for reasoning questions.
For descriptive questions, both proprietary and open-source models generally underperform on less
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common chart types, such as contour plots and heatmaps (see Fig. 5). GPT-4o, the best-performing
model, demonstrates a noteworthy exception to this trend. While its advantage over GPT-4V is modest
for common chart types (line, scatter, and bar charts), it substantially outperforms other models on
less common chart types, such as heatmaps and contour plots, suggesting better generalization across
diverse chart types. However, all models, including GPT-4o, struggle with the rarest chart category
("others"), indicating the need for more comprehensive dataset coverage. The pattern shifts notably for
reasoning questions. The performance gap between GPT-4o and other models shows little correlation
with either chart type or performance gap on descriptive questions. Most strikingly, while GPT-4o
and GPT-4V show only a 5-point gap on descriptive questions for bar charts, their performance
diverges dramatically on reasoning questions, with GPT-4o (45.87) outperforming GPT-4V (22.94)
by more than 20 points. Other models consistently underperform on reasoning questions involving
bar charts and box plots. We hypothesize that these dif�culties stem from challenges in perceiving
and estimating values from unannotated visual elements and performing comparative analyses (e.g.,
sorting, identifying extrema). Further investigation of these speci�c challenges remains an important
direction for future research.

5 Conclusion

Chart understanding is a crucial visual reasoning skill for MLLMs, but our simple stress test reveals
that design �aws in existing benchmarks have led to an overestimation of chart understanding
capabilities (see §2.2). We introduce CharXiv, a natural, challenging benchmark that pairs charts
collected from arXiv papers with human-curated questions and answers. Our results expose clear
performance gaps across human, proprietary models and open-source models, and we discuss the
broader impacts of our �ndings in §5.

Limitations. Despite the fact that CharXiv does not require advanced domain-speci�c knowledge,
human accuracy is only80:5%and92:1% in reasoning and descriptive questions. We hypothesize
that this could be due to issues with automated grading or mistakes by participants in the human
evaluation study. However, given the large performance gap between existing MLLMs and humans,
we believe that CharXiv is an insightful measurement of chart understanding capabilities. We also
note that evaluation benchmarks comprising entirely of examples curated by human experts are
expensive to construct and dif�cult to update and extend. However, as we noted in §2, automatically
generated benchmarks often overestimate the capabilities of existing MLLMs.

Broader Impacts.

Chart understanding is an especially crucial skill for MLLMs to develop as they are applied to
increasingly dif�cult real-world tasks, such as reading and summarizing scienti�c papers. MLLMs
with strong chart understanding can analyze and interpret graphs for non-experts to quickly understand
and operationalize insights into trends in business, healthcare, and economics. Therefore, faithful
benchmarking of MLLMs is important in the identi�cation and recti�cation of weaknesses in existing
MLLMs. Our collection of complex, real-world charts is stylistically representative of the types of
data MLLMs need to process. At the time of writing, existing MLLMs struggle to answer chart-
related questions reliably, so we believe that CharXiv can meaningfully guide the development and
benchmarking of future MLLMs.

Acknowledgement

This work is supported by the National Science Foundation (IIS-2211779) and a Sloan Research
Fellowship. This research project has bene�tted from the Microsoft Accelerate Foundation Models
Research (AFMR) grant program. Mengzhou Xia is supported by an Apple Scholars in AIML
Fellowship. Luxi He is supported by the Gordon Wu Fellowship. We thank Adithya Bhaskar, O�r
Press, Yukang Yang, Alexander Wettig, Tianyu Gao, Ryan Liu, and Zhizhou Sha for their helpful
comments. We also thank reviewers from the NeurIPS D&B Track, NeurIPS MAR Workshop and
ECCV FoMo-Eval Workshop for providing insightful suggestions.

10



References

[1] Marah Abdin, Sam Ade Jacobs, Ammar Ahmad Awan, Jyoti Aneja, Ahmed Awadallah,
Hany Awadalla, Nguyen Bach, Amit Bahree, Arash Bakhtiari, Harkirat Behl, et al. Phi-3
technical report: A highly capable language model locally on your phone.arXiv preprint
arXiv:2404.14219, 2024.

[2] Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Ilge Akkaya, Florencia Leoni
Aleman, Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al. GPT-4
technical report.arXiv preprint arXiv:2303.08774, 2023.

[3] Mubashara Akhtar, Oana Cocarascu, and Elena Simperl. Reading and reasoning over chart
images for evidence-based automated fact-checking.arXiv preprint arXiv:2301.11843, 2023.

[4] Jean-Baptiste Alayrac, Jeff Donahue, Pauline Luc, Antoine Miech, Iain Barr, Yana Hasson,
Karel Lenc, Arthur Mensch, Katherine Millican, Malcolm Reynolds, Roman Ring, Eliza
Rutherford, Serkan Cabi, Tengda Han, Zhitao Gong, Sina Samangooei, Marianne Monteiro,
Jacob Menick, Sebastian Borgeaud, Andrew Brock, Aida Nematzadeh, Sahand Sharifzadeh,
Mikolaj Binkowski, Ricardo Barreira, Oriol Vinyals, Andrew Zisserman, and Karen Simonyan.
Flamingo: a visual language model for few-shot learning. InAdvances in Neural Information
Processing Systems, 2022.

[5] Anthropic. The claude 3 model family: Opus, Sonnet, Haiku, March 2024.

[6] Stanislaw Antol, Aishwarya Agrawal, Jiasen Lu, Margaret Mitchell, Dhruv Batra, C Lawrence
Zitnick, and Devi Parikh. VQA: Visual question answering. InProceedings of the IEEE
international conference on computer vision, pages 2425–2433, 2015.

[7] Jinze Bai, Shuai Bai, Shusheng Yang, Shijie Wang, Sinan Tan, Peng Wang, Junyang Lin, Chang
Zhou, and Jingren Zhou. Qwen-VL: A versatile vision-language model for understanding,
localization, text reading, and beyond.arXiv preprint arXiv:2308.12966, 2023.

[8] Rohan Bavishi, Erich Elsen, Curtis Hawthorne, Maxwell Nye, Augustus Odena, Arushi
Somani, and Sa�gnak Taş�rlar. Fuyu-8B: A multimodal architecture for ai agents, 2023.

[9] Lucas Beyer, Andreas Steiner, André Susano Pinto, Alexander Kolesnikov, Xiao Wang, Daniel
Salz, Maxim Neumann, Ibrahim Alabdulmohsin, Michael Tschannen, Emanuele Bugliarello,
et al. Paligemma: A versatile 3b vlm for transfer.arXiv preprint arXiv:2407.07726, 2024.

[10] Xi Chen, Josip Djolonga, Piotr Padlewski, Basil Mustafa, Soravit Changpinyo, Jialin Wu,
Carlos Riquelme Ruiz, Sebastian Goodman, Xiao Wang, Yi Tay, et al. PaLI-X: On scaling up
a multilingual vision and language model.arXiv preprint arXiv:2305.18565, 2023.

[11] Xi Chen, Xiao Wang, Soravit Changpinyo, AJ Piergiovanni, Piotr Padlewski, Daniel Salz,
Sebastian Goodman, Adam Grycner, Basil Mustafa, Lucas Beyer, Alexander Kolesnikov, Joan
Puigcerver, Nan Ding, Keran Rong, Hassan Akbari, Gaurav Mishra, Linting Xue, Ashish V
Thapliyal, James Bradbury, Weicheng Kuo, Mojtaba Seyedhosseini, Chao Jia, Burcu Karagol
Ayan, Carlos Riquelme Ruiz, Andreas Peter Steiner, Anelia Angelova, Xiaohua Zhai, Neil
Houlsby, and Radu Soricut. PaLI: A jointly-scaled multilingual language-image model. In
The Eleventh International Conference on Learning Representations, 2023.

[12] Zhe Chen, Weiyun Wang, Hao Tian, Shenglong Ye, Zhangwei Gao, Erfei Cui, Wenwen Tong,
Kongzhi Hu, Jiapeng Luo, Zheng Ma, et al. How far are we to GPT-4V? closing the gap to
commercial multimodal models with open-source suites.arXiv preprint arXiv:2404.16821,
2024.

[13] Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng,
Siyuan Zhuang, Yonghao Zhuang, Joseph E. Gonzalez, Ion Stoica, and Eric P. Xing. Vicuna:
An open-source chatbot impressing gpt-4 with 90%* chatgpt quality, March 2023.

[14] Wenliang Dai, Junnan Li, Dongxu Li, Anthony Tiong, Junqi Zhao, Weisheng Wang, Boyang
Li, Pascale Fung, and Steven Hoi. InstructBLIP: Towards general-purpose vision-language
models with instruction tuning. InThirty-seventh Conference on Neural Information Processing
Systems, 2023.

11



[15] Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. Bert: Pre-training of
deep bidirectional transformers for language understanding, 2019.

[16] Xiaoyi Dong, Pan Zhang, Yuhang Zang, Yuhang Cao, Bin Wang, Linke Ouyang, Xilin
Wei, Songyang Zhang, Haodong Duan, Maosong Cao, Wenwei Zhang, Yining Li, Hang
Yan, Yang Gao, Xinyue Zhang, Wei Li, Jingwen Li, Kai Chen, Conghui He, Xingcheng
Zhang, Yu Qiao, Dahua Lin, and Jiaqi Wang. InternLM-XComposer2: Mastering free-form
text-image composition and comprehension in vision-language large model.arXiv preprint
arXiv:2401.16420, 2024.

[17] Xiaoyi Dong, Pan Zhang, Yuhang Zang, Yuhang Cao, Bin Wang, Linke Ouyang, Songyang
Zhang, Haodong Duan, Wenwei Zhang, Yining Li, Hang Yan, Yang Gao, Zhe Chen, Xinyue
Zhang, Wei Li, Jingwen Li, Wenhai Wang, Kai Chen, Conghui He, Xingcheng Zhang, Jifeng
Dai, Yu Qiao, Dahua Lin, and Jiaqi Wang. InternLM-XComposer2-4KHD: A pioneering
large vision-language model handling resolutions from 336 pixels to 4k hd.arXiv preprint
arXiv:2404.06512, 2024.

[18] Yann Dubois, Chen Xuechen Li, Rohan Taori, Tianyi Zhang, Ishaan Gulrajani, Jimmy Ba,
Carlos Guestrin, Percy S Liang, and Tatsunori B Hashimoto. Alpacafarm: A simulation
framework for methods that learn from human feedback.Advances in Neural Information
Processing Systems, 36, 2024.

[19] Wan-Cyuan Fan, Yen-Chun Chen, Mengchen Liu, Lu Yuan, and Leonid Sigal. On pre-
training of multimodal language models customized for chart understanding.arXiv preprint
arXiv:2407.14506, 2024.

[20] Chaoyou Fu, Peixian Chen, Yunhang Shen, Yulei Qin, Mengdan Zhang, Xu Lin, Jinrui Yang,
Xiawu Zheng, Ke Li, Xing Sun, et al. MME: A comprehensive evaluation benchmark for
multimodal large language models.arXiv preprint arXiv:2306.13394, 2023.

[21] Peng Gao, Renrui Zhang, Chris Liu, Longtian Qiu, Siyuan Huang, Weifeng Lin, Shitian Zhao,
Shijie Geng, Ziyi Lin, Peng Jin, et al. SPHINX-X: Scaling data and parameters for a family of
multi-modal large language models.arXiv preprint arXiv:2402.05935, 2024.

[22] Tianyu Gao, Zirui Wang, Adithya Bhaskar, and Danqi Chen. Improving language understand-
ing from screenshots.arXiv preprint arXiv:2402.14073, 2024.

[23] Timnit Gebru, Jamie Morgenstern, Briana Vecchione, Jennifer Wortman Vaughan, Hanna
Wallach, Hal Daumé III, and Kate Crawford. Datasheets for datasets.Commun. ACM,
64(12):86–92, nov 2021.

[24] Team GLM, Aohan Zeng, Bin Xu, Bowen Wang, Chenhui Zhang, Da Yin, Diego Rojas,
Guanyu Feng, Hanlin Zhao, Hanyu Lai, Hao Yu, Hongning Wang, Jiadai Sun, Jiajie Zhang,
Jiale Cheng, Jiayi Gui, Jie Tang, Jing Zhang, Juanzi Li, Lei Zhao, Lindong Wu, Lucen Zhong,
Mingdao Liu, Minlie Huang, Peng Zhang, Qinkai Zheng, Rui Lu, Shuaiqi Duan, Shudan
Zhang, Shulin Cao, Shuxun Yang, Weng Lam Tam, Wenyi Zhao, Xiao Liu, Xiao Xia, Xiaohan
Zhang, Xiaotao Gu, Xin Lv, Xinghan Liu, Xinyi Liu, Xinyue Yang, Xixuan Song, Xunkai
Zhang, Yifan An, Yifan Xu, Yilin Niu, Yuantao Yang, Yueyan Li, Yushi Bai, Yuxiao Dong,
Zehan Qi, Zhaoyu Wang, Zhen Yang, Zhengxiao Du, Zhenyu Hou, and Zihan Wang. Chatglm:
A family of large language models from glm-130b to glm-4 all tools, 2024.

[25] Yash Goyal, Tejas Khot, Douglas Summers-Stay, Dhruv Batra, and Devi Parikh. Making the
V in VQA Matter: Elevating the role of image understanding in visual question answering.
In Proceedings of the IEEE conference on computer vision and pattern recognition, pages
6904–6913, 2017.

[26] Yucheng Han, Chi Zhang, Xin Chen, Xu Yang, Zhibin Wang, Gang Yu, Bin Fu, and Hanwang
Zhang. Chartllama: A multimodal llm for chart understanding and generation.arXiv preprint
arXiv:2311.16483, 2023.

[27] Wenyi Hong, Weihan Wang, Qingsong Lv, Jiazheng Xu, Wenmeng Yu, Junhui Ji, Yan Wang,
Zihan Wang, Yuxiao Dong, Ming Ding, and Jie Tang. Cogagent: A visual language model for
gui agents, 2023.

12



[28] Ting-Yao Hsu, C Lee Giles, and Ting-Hao Huang. SciCap: Generating captions for scienti�c
�gures. In Findings of the Association for Computational Linguistics: EMNLP 2021, pages
3258–3264, Punta Cana, Dominican Republic, November 2021. Association for Computational
Linguistics.

[29] Anwen Hu, Yaya Shi, Haiyang Xu, Jiabo Ye, Qinghao Ye, Ming Yan, Chenliang Li, Qi Qian,
Ji Zhang, and Fei Huang. mplug-paperowl: Scienti�c diagram analysis with the multimodal
large language model.arXiv preprint arXiv:2311.18248, 2023.

[30] Anwen Hu, Haiyang Xu, Jiabo Ye, Ming Yan, Liang Zhang, Bo Zhang, Chen Li, Ji Zhang,
Qin Jin, Fei Huang, et al. mplug-docowl 1.5: Uni�ed structure learning for ocr-free document
understanding.arXiv preprint arXiv:2403.12895, 2024.

[31] Jinyi Hu, Yuan Yao, Chongyi Wang, Shan Wang, Yinxu Pan, Qianyu Chen, Tianyu Yu,
Hanghao Wu, Yue Zhao, Haoye Zhang, Xu Han, Yankai Lin, Jiao Xue, Dahai Li, Zhiyuan
Liu, and Maosong Sun. Large multilingual models pivot zero-shot multimodal learning across
languages.arXiv preprint arXiv:2308.12038, 2023.

[32] Shaohan Huang, Li Dong, Wenhui Wang, Yaru Hao, Saksham Singhal, Shuming Ma, Tengchao
Lv, Lei Cui, Owais Khan Mohammed, Barun Patra, Qiang Liu, Kriti Aggarwal, Zewen Chi,
Johan Bjorck, Vishrav Chaudhary, Subhojit Som, Xia Song, and Furu Wei. Language Is Not
All You Need: Aligning perception with language models. InThirty-seventh Conference on
Neural Information Processing Systems, 2023.

[33] Drew A Hudson and Christopher D Manning. GQA: A new dataset for real-world visual
reasoning and compositional question answering. InProceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pages 6700–6709, 2019.

[34] Albert Q Jiang, Alexandre Sablayrolles, Arthur Mensch, Chris Bamford, Devendra Singh
Chaplot, Diego de las Casas, Florian Bressand, Gianna Lengyel, Guillaume Lample, Lucile
Saulnier, et al. Mistral 7b.arXiv preprint arXiv:2310.06825, 2023.

[35] Kushal Ka�e, Brian Price, Scott Cohen, and Christopher Kanan. DVQA: Understanding data
visualizations via question answering. InProceedings of the IEEE conference on computer
vision and pattern recognition, pages 5648–5656, 2018.

[36] Samira Ebrahimi Kahou, Vincent Michalski, Adam Atkinson, Ákos Kádár, Adam Trischler,
and Yoshua Bengio. FigureQA: An annotated �gure dataset for visual reasoning.arXiv
preprint arXiv:1710.07300, 2017.

[37] Shankar Kantharaj, Xuan Long Do, Rixie Tiffany Ko Leong, Jia Qing Tan, Enamul Hoque,
and Sha�q Joty. Opencqa: Open-ended question answering with charts.arXiv preprint
arXiv:2210.06628, 2022.

[38] Shankar Kantharaj, Rixie Tiffany Leong, Xiang Lin, Ahmed Masry, Megh Thakkar, Enamul
Hoque, and Sha�q Joty. Chart-to-text: A large-scale benchmark for chart summarization. In
Smaranda Muresan, Preslav Nakov, and Aline Villavicencio, editors,Proceedings of the 60th
Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers),
pages 4005–4023, Dublin, Ireland, May 2022. Association for Computational Linguistics.

[39] Aniruddha Kembhavi, Mike Salvato, Eric Kolve, Minjoon Seo, Hannaneh Hajishirzi, and Ali
Farhadi. A diagram is worth a dozen images. InComputer Vision–ECCV 2016: 14th European
Conference, Amsterdam, The Netherlands, October 11–14, 2016, Proceedings, Part IV 14,
pages 235–251. Springer, 2016.

[40] Hugo Laurençon, Lucile Saulnier, Leo Tronchon, Stas Bekman, Amanpreet Singh, Anton
Lozhkov, Thomas Wang, Siddharth Karamcheti, Alexander M Rush, Douwe Kiela, Matthieu
Cord, and Victor Sanh. OBELICS: An open web-scale �ltered dataset of interleaved image-text
documents. InThirty-seventh Conference on Neural Information Processing Systems Datasets
and Benchmarks Track, 2023.

[41] Hugo Laurençon, Léo Tronchon, Matthieu Cord, and Victor Sanh. What matters when building
vision-language models?arXiv preprint arXiv:2405.02246, 2024.

13



[42] Byung-Kwan Lee, Beomchan Park, Chae Won Kim, and Yong Man Ro. MoAI: Mixture of all
intelligence for large language and vision models.arXiv preprint arXiv:2403.07508, 2024.

[43] Bo Li, Yuanhan Zhang, Liangyu Chen, Jinghao Wang, Fanyi Pu, Jingkang Yang, Chunyuan
Li, and Ziwei Liu. Mimic-it: Multi-modal in-context instruction tuning.arXiv preprint
arXiv:2306.05425, 2023.

[44] Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. BLIP-2: Bootstrapping language-
image pre-training with frozen image encoders and large language models. InInternational
conference on machine learning, pages 19730–19742. PMLR, 2023.

[45] Junnan Li, Dongxu Li, Caiming Xiong, and Steven Hoi. BLIP: Bootstrapping language-
image pre-training for uni�ed vision-language understanding and generation. InInternational
conference on machine learning, pages 12888–12900. PMLR, 2022.

[46] Lei Li, Yuqi Wang, Runxin Xu, Peiyi Wang, Xiachong Feng, Lingpeng Kong, and Qi Liu.
Multimodal ArXiv: A dataset for improving scienti�c comprehension of large vision-language
models.arXiv preprint arXiv:2403.00231, 2024.

[47] Shengzhi Li and Nima Tajbakhsh. SciGraphQA: A large-scale synthetic multi-turn question-
answering dataset for scienti�c graphs.arXiv preprint arXiv:2308.03349, 2023.

[48] Wangyue Li, Liangzhi Li, Tong Xiang, Xiao Liu, Wei Deng, and Noa Garcia. Can multiple-
choice questions really be useful in detecting the abilities of LLMs? InProceedings of the
2024 Joint International Conference on Computational Linguistics, Language Resources and
Evaluation (LREC-COLING 2024), pages 2819–2834, Torino, Italia, May 2024. ELRA and
ICCL.

[49] Yanwei Li, Yuechen Zhang, Chengyao Wang, Zhisheng Zhong, Yixin Chen, Ruihang Chu,
Shaoteng Liu, and Jiaya Jia. Mini-Gemini: Mining the potential of multi-modality vision
language models.arXiv:2403.18814, 2024.

[50] Ji Lin, Hongxu Yin, Wei Ping, Pavlo Molchanov, Mohammad Shoeybi, and Song Han. Vila:
On pre-training for visual language models. InProceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pages 26689–26699, 2024.

[51] Ziyi Lin, Chris Liu, Renrui Zhang, Peng Gao, Longtian Qiu, Han Xiao, Han Qiu, Chen Lin,
Wenqi Shao, Keqin Chen, et al. SPHINX: The joint mixing of weights, tasks, and visual
embeddings for multi-modal large language models.arXiv preprint arXiv:2311.07575, 2023.

[52] Fangyu Liu, Francesco Piccinno, Syrine Krichene, Chenxi Pang, Kenton Lee, Mandar Joshi,
Yasemin Altun, Nigel Collier, and Julian Martin Eisenschlos. Matcha: Enhancing visual lan-
guage pretraining with math reasoning and chart derendering.arXiv preprint arXiv:2212.09662,
2022.

[53] Fuxiao Liu, Xiaoyang Wang, Wenlin Yao, Jianshu Chen, Kaiqiang Song, Sangwoo Cho, Yaser
Yacoob, and Dong Yu. MMC: Advancing multimodal chart understanding with large-scale
instruction tuning. InProceedings of the 2024 Conference of the North American Chapter of the
Association for Computational Linguistics: Human Language Technologies (Volume 1: Long
Papers), pages 1287–1310, Mexico City, Mexico, June 2024. Association for Computational
Linguistics.

[54] Haotian Liu, Chunyuan Li, Yuheng Li, and Yong Jae Lee. Improved baselines with visual
instruction tuning. InProceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR), pages 26296–26306, June 2024.

[55] Haotian Liu, Chunyuan Li, Yuheng Li, Bo Li, Yuanhan Zhang, Sheng Shen, and Yong Jae Lee.
LLaVA-NeXT: Improved reasoning, ocr, and world knowledge, January 2024.

[56] Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. Visual instruction tuning. In
NeurIPS, 2023.

14



[57] Yuan Liu, Haodong Duan, Yuanhan Zhang, Bo Li, Songyang Zhang, Wangbo Zhao, Yike
Yuan, Jiaqi Wang, Conghui He, Ziwei Liu, et al. MMBench: Is your multi-modal model an
all-around player?arXiv preprint arXiv:2307.06281, 2023.

[58] Yuliang Liu, Biao Yang, Qiang Liu, Zhang Li, Zhiyin Ma, Shuo Zhang, and Xiang Bai.
Textmonkey: An ocr-free large multimodal model for understanding document.arXiv preprint
arXiv:2403.04473, 2024.

[59] Haoyu Lu, Wen Liu, Bo Zhang, Bingxuan Wang, Kai Dong, Bo Liu, Jingxiang Sun, Tongzheng
Ren, Zhuoshu Li, Yaofeng Sun, et al. DeepSeek-VL: Towards real-world vision-language
understanding.arXiv preprint arXiv:2403.05525, 2024.

[60] Pan Lu, Hritik Bansal, Tony Xia, Jiacheng Liu, Chunyuan Li, Hannaneh Hajishirzi, Hao Cheng,
Kai-Wei Chang, Michel Galley, and Jianfeng Gao. MathVista: Evaluating mathematical
reasoning of foundation models in visual contexts. InInternational Conference on Learning
Representations (ICLR), 2024.

[61] Pan Lu, Swaroop Mishra, Tony Xia, Liang Qiu, Kai-Wei Chang, Song-Chun Zhu, Oyvind
Tafjord, Peter Clark, and Ashwin Kalyan. Learn to Explain: Multimodal reasoning via thought
chains for science question answering. InAdvances in Neural Information Processing Systems,
2022.

[62] Shiyin Lu, Yang Li, Qing-Guo Chen, Zhao Xu, Weihua Luo, Kaifu Zhang, and Han-Jia Ye.
Ovis: Structural embedding alignment for multimodal large language model.arXiv preprint
arXiv:2405.20797, 2024.

[63] Kenneth Marino, Mohammad Rastegari, Ali Farhadi, and Roozbeh Mottaghi. OK-VQA: A
visual question answering benchmark requiring external knowledge. InProceedings of the
IEEE/cvf conference on computer vision and pattern recognition, pages 3195–3204, 2019.

[64] Ahmed Masry, Xuan Long Do, Jia Qing Tan, Sha�q Joty, and Enamul Hoque. ChartQA: A
benchmark for question answering about charts with visual and logical reasoning. InFindings
of the Association for Computational Linguistics: ACL 2022, pages 2263–2279, 2022.

[65] Ahmed Masry, Parsa Kavehzadeh, Xuan Long Do, Enamul Hoque, and Sha�q Joty. Unichart:
A universal vision-language pretrained model for chart comprehension and reasoning.arXiv
preprint arXiv:2305.14761, 2023.

[66] Ahmed Masry, Mehrad Shahmohammadi, Md Rizwan Parvez, Enamul Hoque, and Sha�q
Joty. Chartinstruct: Instruction tuning for chart comprehension and reasoning.arXiv preprint
arXiv:2403.09028, 2024.

[67] Ahmed Masry, Megh Thakkar, Aayush Bajaj, Aaryaman Kartha, Enamul Hoque, and Sha�q
Joty. Chartgemma: Visual instruction-tuning for chart reasoning in the wild.arXiv preprint
arXiv:2407.04172, 2024.

[68] Minesh Mathew, Viraj Bagal, Rubèn Tito, Dimosthenis Karatzas, Ernest Valveny, and CV Jawa-
har. InfographicVQA. InProceedings of the IEEE/CVF Winter Conference on Applications of
Computer Vision, pages 1697–1706, 2022.

[69] Minesh Mathew, Dimosthenis Karatzas, and CV Jawahar. DocVQA: A dataset for vqa on
document images. InProceedings of the IEEE/CVF winter conference on applications of
computer vision, pages 2200–2209, 2021.

[70] Fanqing Meng, Wenqi Shao, Quanfeng Lu, Peng Gao, Kaipeng Zhang, Yu Qiao, and Ping Luo.
Chartassisstant: A universal chart multimodal language model via chart-to-table pre-training
and multitask instruction tuning.arXiv preprint arXiv:2401.02384, 2024.

[71] Nitesh Methani, Pritha Ganguly, Mitesh M. Khapra, and Pratyush Kumar. PlotQA: Reasoning
over scienti�c plots. InThe IEEE Winter Conference on Applications of Computer Vision
(WACV), March 2020.

15



[72] Jason Obeid and Enamul Hoque. Chart-to-text: Generating natural language descriptions for
charts by adapting the transformer model. In Brian Davis, Yvette Graham, John Kelleher, and
Yaji Sripada, editors,Proceedings of the 13th International Conference on Natural Language
Generation, pages 138–147, Dublin, Ireland, December 2020. Association for Computational
Linguistics.

[73] Aitor Ormazabal, Che Zheng, Cyprien de Masson d'Autume, Dani Yogatama, Deyu Fu,
Donovan Ong, Eric Chen, Eugenie Lamprecht, Hai Pham, Isaac Ong, et al. Reka Core, Flash,
and Edge: A series of powerful multimodal language models.arXiv preprint arXiv:2404.12387,
2024.

[74] Raian Rahman, Rizvi Hasan, Abdullah Al Farhad, Md Tahmid Rahman Laskar, Md Hamjajul
Ashmafee, and Abu Raihan Mostofa Kamal. Chartsumm: A comprehensive benchmark for
automatic chart summarization of long and short summaries.arXiv preprint arXiv:2304.13620,
2023.

[75] Pranav Rajpurkar, Robin Jia, and Percy Liang. Know what you don't know: Unanswerable
questions for SQuAD. InProceedings of the 56th Annual Meeting of the Association for
Computational Linguistics (Volume 2: Short Papers), pages 784–789, Melbourne, Australia,
July 2018. Association for Computational Linguistics.

[76] Chufan Shi, Cheng Yang, Yaxin Liu, Bo Shui, Junjie Wang, Mohan Jing, Linran Xu, Xinyu
Zhu, Siheng Li, Yuxiang Zhang, et al. Chartmimic: Evaluating lmm's cross-modal reasoning
capability via chart-to-code generation.arXiv preprint arXiv:2406.09961, 2024.

[77] Amanpreet Singh, Vivek Natarajan, Meet Shah, Yu Jiang, Xinlei Chen, Dhruv Batra, Devi
Parikh, and Marcus Rohrbach. Towards vqa models that can read. InProceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pages 8317–8326, 2019.

[78] Gemini Team, Rohan Anil, Sebastian Borgeaud, Yonghui Wu, Jean-Baptiste Alayrac, Jiahui
Yu, Radu Soricut, Johan Schalkwyk, Andrew M Dai, Anja Hauth, et al. Gemini: a family of
highly capable multimodal models.arXiv preprint arXiv:2312.11805, 2023.

[79] Maxim Tkachenko, Mikhail Malyuk, Andrey Holmanyuk, and Nikolai Liubimov. La-
bel Studio: Data labeling software, 2020-2022. Open source software available from
https://github.com/heartexlabs/label-studio.

[80] Shengbang Tong, Ellis Brown, Penghao Wu, Sanghyun Woo, Manoj Middepogu, Sai Charitha
Akula, Jihan Yang, Shusheng Yang, Adithya Iyer, Xichen Pan, et al. Cambrian-1: A fully
open, vision-centric exploration of multimodal llms.arXiv preprint arXiv:2406.16860, 2024.

[81] Hugo Touvron, Louis Martin, Kevin Stone, Peter Albert, Amjad Almahairi, Yasmine Babaei,
Nikolay Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti Bhosale, et al. Llama 2: Open
foundation and �ne-tuned chat models.arXiv preprint arXiv:2307.09288, 2023.

[82] Weihan Wang, Qingsong Lv, Wenmeng Yu, Wenyi Hong, Ji Qi, Yan Wang, Junhui Ji, Zhuoyi
Yang, Lei Zhao, Xixuan Song, et al. CogVLM: Visual expert for pretrained language models.
arXiv preprint arXiv:2311.03079, 2023.

[83] Jason Wei, Maarten Bosma, Vincent Zhao, Kelvin Guu, Adams Wei Yu, Brian Lester, Nan
Du, Andrew M. Dai, and Quoc V Le. Finetuned language models are zero-shot learners. In
International Conference on Learning Representations, 2022.

[84] Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, brian ichter, Fei Xia, Ed H. Chi,
Quoc V Le, and Denny Zhou. Chain of thought prompting elicits reasoning in large language
models. InAdvances in Neural Information Processing Systems, 2022.

[85] Renqiu Xia, Bo Zhang, Hancheng Ye, Xiangchao Yan, Qi Liu, Hongbin Zhou, Zijun Chen,
Min Dou, Botian Shi, Junchi Yan, et al. ChartX & ChartVLM: A versatile benchmark and
foundation model for complicated chart reasoning.arXiv preprint arXiv:2402.12185, 2024.

[86] Zhengzhuo Xu, Sinan Du, Yiyan Qi, Chengjin Xu, Chun Yuan, and Jian Guo. ChartBench: A
benchmark for complex visual reasoning in charts.arXiv preprint arXiv:2312.15915, 2023.

16



[87] Zhiyu Yang, Zihan Zhou, Shuo Wang, Xin Cong, Xu Han, Yukun Yan, Zhenghao Liu, Zhixing
Tan, Pengyuan Liu, Dong Yu, et al. Matplotagent: Method and evaluation for llm-based
agentic scienti�c data visualization.arXiv preprint arXiv:2402.11453, 2024.

[88] Yuan Yao, Tianyu Yu, Ao Zhang, Chongyi Wang, Junbo Cui, Hongji Zhu, Tianchi Cai, Haoyu
Li, Weilin Zhao, Zhihui He, et al. Minicpm-v: A gpt-4v level mllm on your phone.arXiv
preprint arXiv:2408.01800, 2024.

[89] Jiabo Ye, Anwen Hu, Haiyang Xu, Qinghao Ye, Ming Yan, Guohai Xu, Chenliang Li, Junfeng
Tian, Qi Qian, Ji Zhang, Qin Jin, Liang He, Xin Alex Lin, and Fei Huang. Ureader: Universal
ocr-free visually-situated language understanding with multimodal large language model,
2023.

[90] Qinghao Ye, Haiyang Xu, Guohai Xu, Jiabo Ye, Ming Yan, Yiyang Zhou, Junyang Wang,
Anwen Hu, Pengcheng Shi, Yaya Shi, et al. mPLUG-Owl: Modularization empowers large
language models with multimodality.arXiv preprint arXiv:2304.14178, 2023.

[91] Alex Young, Bei Chen, Chao Li, Chengen Huang, Ge Zhang, Guanwei Zhang, Heng Li,
Jiangcheng Zhu, Jianqun Chen, Jing Chang, et al. Yi: Open foundation models by 01. ai.arXiv
preprint arXiv:2403.04652, 2024.

[92] Weihao Yu, Zhengyuan Yang, Linjie Li, Jianfeng Wang, Kevin Lin, Zicheng Liu, Xinchao
Wang, and Lijuan Wang. MM-Vet: Evaluating large multimodal models for integrated
capabilities.arXiv preprint arXiv:2308.02490, 2023.

[93] Xiang Yue, Yuansheng Ni, Kai Zhang, Tianyu Zheng, Ruoqi Liu, Ge Zhang, Samuel Stevens,
Dongfu Jiang, Weiming Ren, Yuxuan Sun, Cong Wei, Botao Yu, Ruibin Yuan, Renliang Sun,
Ming Yin, Boyuan Zheng, Zhenzhu Yang, Yibo Liu, Wenhao Huang, Huan Sun, Yu Su, and
Wenhu Chen. MMMU: A massive multi-discipline multimodal understanding and reasoning
benchmark for expert agi. InProceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR), pages 9556–9567, June 2024.

[94] Xiaohua Zhai, Basil Mustafa, Alexander Kolesnikov, and Lucas Beyer. Sigmoid loss for
language image pre-training. InProceedings of the IEEE/CVF International Conference on
Computer Vision, pages 11975–11986, 2023.

[95] Liang Zhang, Anwen Hu, Haiyang Xu, Ming Yan, Yichen Xu, Qin Jin, Ji Zhang, and Fei Huang.
Tinychart: Ef�cient chart understanding with visual token merging and program-of-thoughts
learning, 2024.

[96] Renrui Zhang, Jiaming Han, Chris Liu, Aojun Zhou, Pan Lu, Yu Qiao, Hongsheng Li, and Peng
Gao. LLaMA-adapter: Ef�cient �ne-tuning of large language models with zero-initialized
attention. InThe Twelfth International Conference on Learning Representations, 2024.

[97] Zhuosheng Zhang, Aston Zhang, Mu Li, hai zhao, George Karypis, and Alex Smola. Multi-
modal chain-of-thought reasoning in language models.Transactions on Machine Learning
Research, 2024.

[98] Mingyang Zhou, Yi Fung, Long Chen, Christopher Thomas, Heng Ji, and Shih-Fu Chang.
Enhanced chart understanding via visual language pre-training on plot table pairs. In Anna
Rogers, Jordan Boyd-Graber, and Naoaki Okazaki, editors,Findings of the Association
for Computational Linguistics: ACL 2023, pages 1314–1326, Toronto, Canada, July 2023.
Association for Computational Linguistics.

[99] Shuyan Zhou, Frank F. Xu, Hao Zhu, Xuhui Zhou, Robert Lo, Abishek Sridhar, Xianyi Cheng,
Tianyue Ou, Yonatan Bisk, Daniel Fried, Uri Alon, and Graham Neubig. WebArena: A realistic
web environment for building autonomous agents. InThe Twelfth International Conference on
Learning Representations, 2024.

[100] Deyao Zhu, Jun Chen, Xiaoqian Shen, Xiang Li, and Mohamed Elhoseiny. MiniGPT-4:
Enhancing vision-language understanding with advanced large language models.arXiv
preprint arXiv:2304.10592, 2023.

[101] Jiawen Zhu, Jinye Ran, Roy Ka-Wei Lee, Kenny Choo, and Zhi Li. Autochart: A dataset for
chart-to-text generation task.arXiv preprint arXiv:2108.06897, 2021.

17



1. For all authors...

(a) Do the main claims made in the abstract and introduction accurately re�ect the paper's
contributions and scope? [Yes]
All contents are substantiated by sections 2, 3 and 4.

(b) Did you describe the limitations of your work? [Yes]
We provide limitations in §5.

(c) Did you discuss any potential negative societal impacts of your work? [Yes]
We provide potential negative societal impacts in §5.

(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes]
We carefully read the guidelines and ensured that the submission conforms to them.

2. If you are including theoretical results...

(a) Did you state the full set of assumptions of all theoretical results? [N/A]
We do not have theoretical results.

(b) Did you include complete proofs of all theoretical results? [N/A]
We do not have theoretical results.

3. If you ran experiments (e.g. for benchmarks)...

(a) Did you include the code, data, and instructions needed to reproduce the main experi-
mental results (either in the supplemental material or as a URL)? [Yes]
We include the codebase and link to data in the supplementary material. Instructions to
reproduce main experimental results are present in Tab. 15.

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they
were chosen)? [N/A]
We do not train models. We provide splits of the benchmark in §3 and the hyper-
paramters of the evaluations in Tab. 15.

(c) Did you report error bars (e.g., with respect to the random seed after running experi-
ments multiple times)? [N/A]
We use �xed parameters to generate deterministic model responses (whenever possible)
in our benchmark, which we provide details in Tab. 15.

(d) Did you include the total amount of compute and the type of resources used (e.g., type
of GPUs, internal cluster, or cloud provider)? [N/A]
We only evaluate the models, so we do not provide information on compute in a
separate section. Regardless, all open-source models are evaluated on either a single
A100 or H100 GPU from minutes to hours. We use API to evaluate proprietary models.

4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the creators? [Yes]
Our metadata contains information that can be used to trace back to the original assets.

(b) Did you mention the license of the assets? [Yes]
License for preprints on arXiv server is publicly available online. We provide license
information for models we evaluate in Tab. 17.

(c) Did you include any new assets either in the supplemental material or as a URL? [Yes]
We provide 60 samples of our annotated data in App. U and App. V. Our codebase and
annotated data can be found inhttps://charxiv.github.io

(d) Did you discuss whether and how consent was obtained from people whose data you're
using/curating? [No]
We adhere to applicable license regulations on arXiv. All questions and answers are
new assets.

(e) Did you discuss whether the data you are using/curating contains personally identi�able
information or offensive content? [No]
Every individual chart and question has gone through human inspections and our data
do not contain any personally identi�able information or offensive content, except for
proper attribution to the source of the charts.

5. If you used crowdsourcing or conducted research with human subjects...

18



(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [Yes]
Our general guidelines are elaborated in §3. We provide screenshots of annotations in
Apps. R.1, R.2 and R.3

(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [N/A]
We did not recruit external human subjects in our study

(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [N/A]
We did not recruit external human subjects in our study

19



Contents

1 Introduction 1

2 Existing Benchmarks Overestimate Chart Understanding Capabilities 3

2.1 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2.2 Open-Source MLLMs Are Sensitive to Perturbations . . . . . . . . . . . . . . . . 3

3 CharXiv: A Real-World and Challenging Chart Understanding Benchmark 4

3.1 Chart Curation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

3.2 Question Construction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

3.3 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

4 Experiments 7

4.1 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

4.2 Experimental Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

4.3 Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

5 Conclusion 10

A Extended Evaluation Results on Validation Set 24

B Extended Related Works 25

C Evaluation Results on Test Set 26

D Evaluation Results by Subject 27

D.1 Descriptive Question Results on Validation Set . . . . . . . . . . . . . . . . . . . 27

D.2 Reasoning Question Results on Validation Set . . . . . . . . . . . . . . . . . . . . 27

E Evaluation Results by Year 28

E.1 Descriptive Question Results on Validation Set . . . . . . . . . . . . . . . . . . . 28

E.2 Reasoning Task Results on Validation Set . . . . . . . . . . . . . . . . . . . . . . 28

F Descriptive Question Results by Question Number on Validation Set 29

G Evaluation Results without Unanswerable Descriptive Questions 30

H Evaluation Results by Chart Type 31

H.1 Descriptive Question Results on Validation Set . . . . . . . . . . . . . . . . . . . 31

H.2 Reasoning Question Results on Validation Set . . . . . . . . . . . . . . . . . . . . 31

I Relationship Between Response Length and Correctness 32

J Run Con�gurations 33

20



K Open-Source Model Components 33

L Model License 34

M Evaluations on Automatic Grading 34

N Visualization of Sample Charts 35

O Prompts for Descriptive Questions 36

O.1 Response Generation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

O.2 Grading . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

P Prompts for Reasoning Questions 47

P.1 Response Generation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

P.2 Grading . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

Q Chart-Free Random Baseline Prompts 52

R Data Annotation Platform 53

R.1 Chart Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

R.2 Descriptive Question Annotation . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

R.3 Reasoning Question Annotation . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

S Examples from Modi�ed-Question Set 56

S.1 Example 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

S.2 Example 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

S.3 Example 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

S.4 Example 4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

S.5 Example 5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

T Examples from Modi�ed-Chart Set 58

T.1 Example 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

T.2 Example 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

T.3 Example 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

T.4 Example 4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

T.5 Example 5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

U Common Failure Cases of Descriptive Questions 61

U.1 Example 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

U.2 Example 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

U.3 Example 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

U.4 Example 4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

U.5 Example 5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

21



U.6 Example 6 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

U.7 Example 7 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

U.8 Example 8 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

U.9 Example 9 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

U.10 Example 10 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

U.11 Example 11 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

U.12 Example 12 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

U.13 Example 13 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

U.14 Example 14 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

U.15 Example 15 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

U.16 Example 16 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

U.17 Example 17 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

U.18 Example 18 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

U.19 Example 19 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

U.20 Example 20 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

U.21 Example 21 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

U.22 Example 22 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

U.23 Example 23 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

U.24 Example 24 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

U.25 Example 25 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

U.26 Example 26 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

U.27 Example 27 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

U.28 Example 28 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

U.29 Example 29 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

U.30 Example 30 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

V Common Failure Cases of Reasoning Questions 92

V.1 Example 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

V.2 Example 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 94

V.3 Example 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

V.4 Example 4 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

V.5 Example 5 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

V.6 Example 6 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

V.7 Example 7 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

V.8 Example 8 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

V.9 Example 9 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

V.10 Example 10 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

V.11 Example 11 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

V.12 Example 12 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

V.13 Example 13 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

22



V.14 Example 14 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

V.15 Example 15 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

V.16 Example 16 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

V.17 Example 17 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

V.18 Example 18 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

V.19 Example 19 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

V.20 Example 20 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

V.21 Example 21 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

V.22 Example 22 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

V.23 Example 23 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

V.24 Example 24 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

V.25 Example 25 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

V.26 Example 26 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

V.27 Example 27 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

V.28 Example 28 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

V.29 Example 29 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

V.30 Example 30 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122

W Datasheets for Datasets 123

W.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

W.2 Composition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

W.3 Collection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

W.4 Preprocessing / Cleaning / Labeling . . . . . . . . . . . . . . . . . . . . . . . . . 126

W.5 Uses . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

W.6 Distribution . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

W.7 Maintenance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

X Misc. 129

Back to Table of Contents 23 Back to the First Page



A Extended Evaluation Results on Validation Set

Table 4: Extended evaluation results on the validation set from Tab. 3. Note that this table includes
evaluation result for models (†) after the initial release of CharXiv as well as domain-speci�c i.e.,
chart and document multimodal large language models. Cutoff date: October 30, 2024.

Model

Reasoning Questions Descriptive Questions

Text in Text in Num. in Num. in Info. Enum. Patt. Cntg. Comp.All
Chart General Chart General

All
Extr. Rec.

Baselines

Human 80.50 77.27 77.78 84.91 83.41 92.10 91.40 91.20 95.63 93.38 92.86
Random (GPT-4o) [2] 10.80 4.32 39.39 5.60 16.16 19.85 21.65 16.71 23.80 25.70 5.36

Proprietary Multimodal Large Language Models
†Claude 3.5 Sonnet [5] 60.20 61.14 78.79 63.79 46.72 84.30 82.62 88.86 90.61 90.08 48.66
GPT-4o [2] 47.10 50.00 61.62 47.84 34.50 84.45 82.44 89.18 90.17 85.50 59.82
†Gemini 1.5 Pro [78] 43.30 45.68 56.57 45.69 30.57 71.97 81.79 64.73 79.48 76.34 15.18
†InternVL V2.0 Pro [12] 39.80 40.00 60.61 44.40 25.76 76.83 77.11 84.67 77.07 78.88 27.23
GPT-4V [2] 37.10 38.18 57.58 37.93 25.33 79.92 78.29 85.79 88.21 80.92 41.07
†GPT-4o Mini [2] 34.10 35.23 47.47 32.33 27.95 74.92 74.91 82.81 69.21 79.13 35.71
Claude 3 Sonnet [5] 32.20 31.59 50.51 31.47 26.20 73.65 75.74 81.92 76.64 72.26 8.48
Claude 3 Haiku [5] 31.80 29.77 45.45 34.48 27.07 65.08 69.87 69.98 64.85 61.83 8.04
Claude 3 Opus [5] 30.20 26.36 50.51 33.62 25.33 71.55 75.62 73.69 73.58 70.48 26.79
Reka Core [73] 28.90 27.50 41.41 28.45 26.64 55.60 58.90 50.52 65.72 71.25 10.71
Reka Flash [73] 26.60 26.59 39.39 30.60 17.03 56.45 61.39 48.59 69.87 72.52 7.14
Qwen VL Max [7] 24.70 26.14 41.41 24.57 14.85 41.48 50.42 28.41 53.71 51.15 4.46
Reka Edge [73] 23.50 20.23 32.32 30.60 18.78 33.65 36.65 28.49 34.72 52.16 4.91
Gemini 1.0 Pro [78] 22.80 20.91 48.48 18.10 20.09 54.37 67.97 39.23 60.48 62.60 8.93
Qwen VL Plus [7] 16.00 15.45 45.45 12.07 8.30 28.93 33.33 17.92 32.10 56.23 2.23

Open-Source Multimodal Large Language Models
†InternVL V2.0 76B [12] 38.90 40.00 59.60 42.67 24.02 75.17 77.11 78.69 76.20 79.13 32.14
†InternVL V2.0 26B [12] 33.40 33.18 51.52 41.81 17.47 62.40 71.35 61.02 55.90 67.94 6.25
†Phi-3 Vision [1] 31.60 31.36 46.46 35.78 21.40 60.48 67.62 61.18 54.59 65.39 6.25
InternVL Chat V1.5 26B [12] 29.20 30.00 45.45 32.33 17.47 58.50 69.63 52.95 53.06 64.63 5.80
†GLM 4V 9B [24] 29.10 30.68 42.42 33.19 16.16 57.62 67.97 61.66 43.45 45.04 8.48
†Ovis 1.5 Gemma2 9B [62] 28.40 26.14 44.44 33.19 20.96 62.60 64.29 71.75 56.33 66.16 5.80
†Ovis 1.5 Llama3 8B [62] 28.20 27.27 49.49 31.03 17.90 60.15 61.39 68.93 56.33 61.83 7.14
†Cambrian 34B [80] 27.30 24.55 44.44 27.59 24.89 59.73 59.31 70.94 53.28 64.63 5.36
†MiniCPM-V2.6 [88] 27.10 21.59 45.45 35.34 21.40 61.62 69.28 55.93 60.48 72.01 19.64
MGM HD Yi 34B [49] 25.00 26.59 43.43 27.16 11.79 52.68 53.86 55.04 65.50 53.94 2.23
IXC2 4KHD [17] 25.00 23.86 43.43 29.31 14.85 54.65 61.09 54.08 51.53 59.80 6.70
†MiniCPM-V2.5 [31] 24.90 25.23 43.43 25.43 15.72 59.27 62.28 61.90 56.77 68.96 0.27
†VILA 1.5 40B [50] 24.00 21.59 41.41 25.00 20.09 38.67 42.88 29.62 51.31 50.89 9.82
LLaVA 1.6 Yi 34B* [55] 22.50 20.45 37.37 23.71 18.78 51.05 46.38 63.44 56.11 51.91 5.80
MGM HD LLaMA3 8B [49] 19.00 19.77 36.36 21.12 7.86 44.42 49.41 39.23 51.09 55.98 1.79
†CogAgent [27] 18.80 16.82 32.32 20.69 14.85 36.30 45.14 26.80 43.23 37.15 6.70
IXC2* [16] 18.70 16.14 38.38 21.98 11.79 38.75 34.10 43.58 46.72 52.93 5.80
MiniCPM-V2 [31] 18.50 17.95 33.33 19.40 12.23 35.77 39.74 36.56 26.42 44.53 5.36
IDEFICS 2 [41] 18.20 15.45 35.35 17.24 17.03 32.77 36.12 27.28 40.83 43.26 3.12
IDEFICS 2 Chatty [41] 17.80 15.45 34.34 19.83 13.10 41.55 34.88 54.56 45.63 44.27 6.70
MoAI* [42] 17.50 9.32 36.36 21.12 21.40 28.70 31.20 21.23 39.96 40.46 7.59
DeepSeek VL [59] 17.10 16.36 32.32 19.83 9.17 45.80 49.11 45.20 42.79 60.31 4.91
SPHINX V2* [21] 16.10 13.86 28.28 17.67 13.54 30.25 35.59 24.37 41.05 29.52 1.79
LLaVA 1.6 Mistral 7B* [55] 13.90 11.36 32.32 16.81 7.86 35.40 34.70 33.98 48.91 42.49 8.48

Domain-Speci�c Multimodal Large Language Models
†DocOwl 1.5 Chat [30] 17.00 14.32 34.34 15.09 16.59 37.40 36.83 49.23 36.68 22.90 3.12
†UReader [89] 14.30 11.36 18.18 15.52 17.03 18.98 10.20 27.60 33.41 20.36 5.36
†ChartLlama [26] 14.20 8.18 34.34 9.91 21.40 19.23 17.14 12.19 43.89 28.75 6.70
†ChartGemma [67] 12.50 11.59 24.24 16.81 4.80 21.30 27.58 18.97 14.19 19.59 4.46
†ChartAssistant [70] 11.70 9.09 27.27 10.34 11.35 16.93 16.43 16.87 16.57 27.74 2.68
†ChartInstruct-FlanT5 [66] 11.70 7.95 32.32 9.48 12.23 15.47 11.68 17.59 15.94 29.52 6.70
†DocOwl 1.5 Omni [30] 9.10 5.45 14.14 9.48 13.54 25.70 34.46 17.92 31.88 17.56 4.46
†ChartInstruct-Llama2 [66] 8.80 4.09 23.23 7.76 12.66 21.40 23.31 15.50 33.19 27.48 4.91
†TinyChart [95] 8.30 5.00 13.13 6.47 14.41 16.15 13.82 14.61 24.67 28.50 3.12
†UniChart-ChartQA [65] 5.70 3.41 6.06 3.45 12.23 19.32 9.91 38.26 12.23 19.08 0.45
†TextMonkey [58] 3.90 2.50 4.04 3.02 7.42 12.45 12.16 17.92 8.73 6.36 2.68
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B Extended Related Works

Multimodal Large Language Models. Multimodal Large Language Models (MLLMs) take inputs
beyond text (e.g., image, audio, video,etc) and generate text responses [32]. Most MLLMs focus on
vision-language tasks. Prototypical approaches train adaptors that connect independent visual-only
and language-only modules [45, 44, 4] or adapt language models to visual inputs [32, 11, 10]. With
instruction tuning [83] and accessibility to more instruction-tuned Large Language Models [81, 34,
91, 13], there has been a proliferation of open-source MLLMs [56, 96, 100, 90, 14, 43, 40, 51, 8].
More recent work has attempted to scale up the backbone language model, add more alignment
data, increase input resolution, design different vision-language adaptation paradigms, and �netune
more modules that are otherwise frozen to improve the capabilities of MLLMs [54, 55, 16, 17, 49,
12, 41, 21, 42, 59]. While many recent open-source MLLMs reported on-par or better performance
compared to proprietary models in chart understanding [60, 64], little is known about how well these
models generalize. In our work, we evaluate the most recent MLLMs on modi�ed versions of chart
subsets from MathVista [60] (§2) and CharXiv (§4), showing that open-source models generalize
poorly and the performance gap still exists.

MLLM Benchmarks. Prototypical MLLM benchmarks follow Visual Question Answering based
on natural images [6, 25, 33, 77, 63] or screenshots[22], such as documents [69], diagrams [39],
charts [64] and infographics [68]. More recently, several MLLM benchmarks emerged that evaluate
multimodal capabilities in a moreknowledge-intensive[61, 60, 93] andcomprehensive[92, 57, 20]
setting. Chart understanding signi�es an important challenge for MLLMs, where the vast majority of
open- and proprietary models [2, 5, 73, 7, 78] report model performance on chart understanding tasks
[60, 64]. Earliest chart understanding benchmarks often adopt synthetic data and charts [36, 35, 71]
or use stylistically consistent charts [64]. More recent chart understanding benchmarks are either not
publicly available [53, 86] or widely adopted [85]. CharXiv (§3) is most similar to the design choice
of ChartQA [64], yet we adopt more natural, diverse and challenging charts with human-curated
QA pairs, resulting in a benchmark that better re�ects general capabilities in chart understanding.
While chart question-answering is the most common form of evaluating MLLMs, chart understanding
capabilities can also be evaluated in terms of chart summarization [72, 101, 38, 74], open-ended
generation [37, 29] and generating chart code from textual [87] and visual [76] descriptions.

Specialized Chart Understanding Models. Chart understanding represents an important task for
MLLMs, and therefore the research community has been developing models that are specialized for
chart understanding to investigate good recipes for training capable models. In particular,MATCHA
[52] proposed a training pipeline to incorporate chart deconstruction tasks such as Chart-to-Table and
Chart-to-Code as training goals to improve chart understanding. ChartBERT [3] adopted a two-stage
pipeline to �rstly convert annotated charts to texts, and then use a BERT [15] model to serve as a
fact checker for questions. ChartT5 [98] leveraged chart information to �ll out the masked content
in its corresponding table as a pretraining objective. With the advancement of LLMs, more recent
works focus on improving chart understanding from the data perspective. UniChart [65] generates
tables from chart data using positional information as well as open-ended QAs and summarizations
that are synthetically generated by models and use the data to train chart understanding models.
ChartAssistant [70] further enhanced the training data by adding more chart sources, as well as
diverse and �ne-grained text such as increased number of question templates and Chain-of-Thought
[84] answers to train stronger chart understanding MLLMs. ChartLlama [26] andCHOPINLLM [19]
proposed an LLM-based pipeline that generates the source table, charts and QAs automatically with
GPT models. Finally, ChartGemma [67] �netuned PaliGemma models [9] on chart understanding
with their collected WebCharts [66] dataset paired with Gemini-generated instruction tuning data.
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C Evaluation Results on Test Set

CharXiv contains 1,000 charts in the validation set and 1,323 charts in the test set. By default,
practitioners should evaluate their models on the validation set on their own, and the result is shown
in Table 3. Here, we present results on the test set, where ground truth answers are privately held.

Table 5: Model evaluation results on test set.Bold number represents the best in-class performance
(open-source or proprietary), andunderlinednumber represents the second-place. Models with (*)
are those whose performance is constrained by input resolutions (see Tab. 16 for details). Info.
Extr.= information extraction, Enum.= enumeration, Patt. Rec.= pattern recognition, Cntg.= counting,
Comp.= compositionality. Details for these categories are shown in Fig. 4 and §3.2.

Model

Reasoning Questions Descriptive Questions

Text in Text in Num. in Num. in Info. Enum. Patt. Cntg. Comp.All
Chart General Chart General

All
Extr. Rec.

Proprietary Multimodal Large Language Models

GPT-4o [2] 47.01 52.15 52.31 47.86 33.98 84.92 84.95 88.02 86.57 88.10 61.99
GPT-4V [2] 33.79 38.25 46.92 27.86 24.92 79.78 78.88 84.83 84.39 82.78 48.83
Claude 3 Sonnet [5] 32.35 33.61 33.85 33.93 27.83 72.75 75.41 81.10 76.95 70.51 11.99
Claude 3 Haiku [5] 30.46 31.46 40.00 28.93 25.89 64.49 68.98 69.84 68.97 61.17 7.89
Claude 3 Opus [5] 28.80 28.31 36.92 29.29 25.89 72.22 76.64 76.04 74.23 68.32 28.36
Reka Core [73] 28.27 30.30 34.62 27.50 22.33 54.76 59.85 49.97 68.24 62.82 10.82
Reka Flash [73] 27.14 29.30 36.92 31.79 14.56 54.72 61.04 46.78 67.70 68.68 9.65
Qwen VL Max [7] 25.17 28.97 41.54 20.00 15.53 40.00 49.50 25.77 56.99 48.17 7.89
Reka Edge [73] 23.89 22.68 42.31 25.00 17.48 31.52 36.27 26.85 31.22 44.32 3.80
Gemini 1.0 Pro [78] 22.68 22.19 39.23 21.43 17.80 51.85 68.48 35.40 62.98 52.38 6.43
Qwen VL Plus [7] 14.89 17.22 33.85 5.36 11.00 27.85 33.90 17.82 30.13 47.99 2.05

Open-Source Multimodal Large Language Models

InternVL Chat V1.5 [12] 28.80 30.63 39.23 31.43 18.45 58.50 72.08 51.84 53.90 59.34 9.94
IXC2 4KHD [17] 24.64 25.99 36.15 28.21 13.92 56.14 65.33 53.94 52.45 58.24 10.53
MGM HD Yi 34B [49] 23.28 27.81 36.15 21.79 10.36 52.66 57.44 54.55 58.80 53.85 1.17
LLaVA 1.6 Yi 34B [55] 20.03 22.52 33.85 16.43 12.62 51.46 49.54 62.25 57.71 47.07 8.19
MGM HD Llama3 8B [49] 19.05 19.70 37.69 22.14 7.12 45.69 54.11 38.29 53.72 53.30 2.63
SPHINX V2 [21] 17.69 15.56 26.15 21.43 14.89 29.59 37.14 22.88 40.65 26.19 1.46
DeepSeek VL [59] 17.38 14.57 33.08 19.64 14.24 45.41 49.54 45.39 46.82 52.38 5.56
IDEFICS 2 [41] 16.70 15.89 28.46 16.79 13.27 31.99 35.17 28.24 39.38 41.21 3.22
IXC2 [16] 16.33 16.39 27.69 18.93 9.06 37.74 36.59 40.04 43.01 48.72 7.89
MiniCPM-V2 [31] 16.10 16.23 28.46 17.86 9.06 34.71 40.05 34.74 23.59 41.21 7.89
LLaVA 1.6 Mistral 7B [55] 16.02 17.05 32.31 13.21 9.71 34.32 37.14 29.62 41.02 47.07 7.89
MoAI [42] 15.42 11.92 29.23 17.14 14.89 28.55 33.90 20.83 37.39 35.53 6.43
IDEFICS 2 Chatty [41] 14.89 15.56 29.23 12.86 9.39 41.04 33.71 55.81 44.10 41.76 10.23
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D Evaluation Results by Subject

D.1 Descriptive Question Results on Validation Set

Table 6: Results by subject on descriptive questions.Bold number represents best performance
in-class (open-source or proprietary). Elec. Eng. & Sys. Sci. denotes Electrical Engineering and
Systems Science.

Physics Math Statistics Quantitative Computer Quantitative Economy Elec. Eng.Model All
Biology Science Finance Sys. Sci.

Proprietary Multimodal Large Language Models

GPT-4o [2] 84.45 79.92 84.63 85.40 80.56 86.71 85.13 86.23 87.18
GPT-4V [2] 79.92 78.15 79.63 81.19 76.19 77.78 82.33 80.07 84.66
Claude 3 Sonnet [5] 73.65 67.72 73.15 73.01 68.45 75.79 73.92 75.72 81.72
Claude 3 Opus [5] 71.55 65.35 75.00 71.02 65.48 69.25 73.71 71.92 81.09
Claude 3 Haiku [5] 65.08 61.81 68.33 63.27 58.93 62.30 67.89 66.49 71.64
Reka Flash [73] 56.45 51.57 60.37 55.53 52.78 54.56 57.54 57.97 61.13
Reka Core [73] 55.60 50.20 57.96 54.65 51.19 58.93 54.74 55.98 61.13
Gemini 1.0 Pro [78] 54.37 50.98 57.04 52.43 48.02 53.37 55.82 55.98 61.34
Qwen VL Max [7] 41.48 36.81 44.07 43.81 35.32 41.47 42.67 42.39 45.59
Reka Edge [73] 33.65 32.09 38.15 35.40 30.16 32.54 31.03 33.15 36.55
Qwen VL Plus [7] 28.93 23.03 32.41 28.32 25.20 32.54 31.47 27.54 31.09

Open-Source Multimodal Large Language Models

InternVL Chat V1.5 [12] 58.50 53.15 60.56 57.96 54.37 58.13 59.48 59.42 65.13
IXC2 4KHD [17] 54.65 52.17 57.22 55.97 45.83 51.59 56.03 56.52 62.18
MGM HD Yi 34B [49] 52.68 46.46 51.85 54.87 51.19 50.20 55.39 55.07 56.93
LLaVA 1.6 Yi 34B [55] 51.05 48.62 52.22 48.45 44.64 49.01 51.94 55.07 58.19
DeepSeek VL [59] 45.80 42.72 45.74 46.68 42.06 43.25 47.20 46.20 53.15
MGM HD Llama3 8B [49] 44.42 40.75 43.89 45.13 43.45 43.45 45.26 44.02 50.00
IDEFICS 2 Chatty [41] 41.55 36.42 45.00 41.59 41.67 39.68 41.81 41.30 44.96
IXC2 [16] 38.75 36.02 38.89 36.73 36.31 35.52 38.15 44.57 43.28
MiniCPM-V2 [31] 35.77 32.87 42.59 34.07 33.13 33.93 35.13 35.87 38.03
LLaVA 1.6 Mistral 7B [55] 35.40 33.86 38.33 33.85 31.55 33.13 37.28 37.68 37.18
IDEFICS 2 [41] 32.77 30.91 37.04 33.63 28.57 33.53 32.33 28.99 37.61
SPHINX V2 [21] 30.25 28.54 34.07 25.00 27.38 28.37 31.68 29.71 36.97
MoAI [42] 28.70 25.98 31.67 26.99 25.60 27.18 28.45 30.62 32.77

D.2 Reasoning Question Results on Validation Set

Table 7: Results by subject on reasoning questions.Bold number represents best performance in-class
(open-source or proprietary). Elec. Eng. & Sys. Sci. denotes Electrical Engineering and Systems
Science.

Physics Math Statistics Quantitative Computer Quantitative Economy Elec. Eng.Model All
Biology Science Finance Sys. Sci.

Proprietary Multimodal Large Language Models

GPT-4o [2] 47.10 53.54 42.96 45.13 46.83 53.97 43.97 43.48 47.06
GPT-4V [2] 37.10 51.97 39.26 30.09 30.16 34.92 27.59 39.13 42.02
Claude 3 Sonnet [5] 32.20 37.80 33.33 37.17 30.16 26.19 29.31 31.16 32.77
Claude 3 Haiku [5] 31.80 37.01 34.07 30.97 29.37 26.19 28.45 30.43 37.82
Claude 3 Opus [5] 30.20 33.07 36.30 28.32 29.37 25.40 25.86 31.16 31.09
Reka Core [73] 28.90 28.35 31.11 25.66 28.57 23.81 23.28 34.06 35.29
Reka Flash [73] 26.60 30.71 27.41 23.01 23.81 20.63 25.00 25.36 36.97
Qwen VL Max [7] 24.70 25.98 23.70 23.89 26.98 27.78 24.14 21.74 23.53
Reka Edge [73] 23.50 25.98 27.41 30.09 23.81 19.05 13.79 20.29 27.73
Gemini 1.0 Pro [78] 22.80 25.20 23.70 23.01 24.60 22.22 13.79 30.43 17.65
Qwen VL Plus [7] 16.00 22.83 19.26 21.24 10.32 15.08 12.07 13.77 13.45

Open-Source Multimodal Large Language Models

InternVL Chat V1.5 [12] 29.20 29.92 39.26 30.97 26.98 30.95 22.41 29.71 21.85
MGM HD Yi 34B [49] 25.00 22.83 29.63 28.32 22.22 26.19 23.28 23.19 24.37
IXC2 4KHD [17] 25.00 28.35 27.41 22.12 23.02 26.98 18.97 29.71 21.85
LLaVA 1.6 Yi 34B [55] 22.50 19.69 31.11 23.01 23.81 21.43 18.97 19.57 21.85
MGM HD Llama3 8B [49] 19.00 20.47 20.00 17.70 18.25 19.84 21.55 16.67 17.65
IXC2 [16] 18.70 18.90 20.00 17.70 17.46 19.05 19.83 21.74 14.29
MiniCPM-V2 [31] 18.50 14.96 21.48 17.70 21.43 15.08 20.69 14.49 22.69
IDEFICS 2 [41] 18.20 19.69 20.74 18.58 16.67 18.25 17.24 15.94 18.49
IDEFICS 2 Chatty [41] 17.80 17.32 26.67 20.35 14.29 19.84 14.66 15.22 13.45
MoAI [42] 17.50 21.26 20.00 14.16 19.05 18.25 16.38 17.39 12.61
DeepSeek VL [59] 17.10 21.26 15.56 26.55 20.63 8.73 11.21 18.12 15.13
SPHINX V2 [21] 16.10 17.32 21.48 15.93 15.08 13.49 14.66 13.77 16.81
LLaVA 1.6 Mistral 7B [55] 13.90 17.32 16.30 13.27 12.70 11.11 10.34 14.49 15.13
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E Evaluation Results by Year

E.1 Descriptive Question Results on Validation Set

Table 8: Results by year on descriptive tasks.Bold number represents best performance in-class
(open-source or proprietary). Elec. Eng. & Sys. Sci. denotes Electrical Engineering and Systems
Science.

Model All 2020 2021 2022 2023

Proprietary Multimodal Large Language Models

GPT-4o [2] 84.45 85.53 82.57 85.04 84.78
GPT-4V [2] 79.92 79.35 78.54 81.25 80.65
Claude 3 Sonnet [5] 73.65 71.36 73.18 74.90 75.20
Claude 3 Opus [5] 71.55 71.76 69.35 73.98 71.27
Claude 3 Haiku [5] 65.08 65.38 63.31 64.86 66.83
Reka Flash [73] 56.45 58.10 53.35 57.89 56.65
Reka Core [73] 55.60 57.19 52.68 56.66 56.05
Gemini 1.0 Pro [78] 54.37 57.39 53.45 51.64 55.04
Qwen VL Max [7] 41.48 44.74 40.80 40.78 39.62
Reka Edge [73] 33.65 37.75 30.27 32.27 34.48
Qwen VL Plus [7] 28.93 29.45 28.45 27.46 30.34

Open-Source Multimodal Large Language Models

InternVL Chat V1.5 [12] 58.50 59.21 57.47 58.40 58.97
IXC2 4KHD [17] 54.65 57.89 52.68 53.89 54.23
MGM HD Yi 34B [49] 52.68 54.15 49.33 53.18 54.23
LLaVA 1.6 Yi 34B [55] 51.05 50.91 50.77 51.64 50.91
DeepSeek VL [59] 45.80 47.77 43.01 47.54 45.06
MGM HD Llama3 8B [49] 44.42 45.75 43.97 44.06 43.95
IDEFICS 2 Chatty [41] 41.55 43.52 40.04 39.14 43.55
IXC2 [16] 38.75 39.68 36.40 38.63 40.42
MiniCPM-V2 [31] 35.77 37.96 34.58 35.04 35.58
LLaVA 1.6 Mistral 7B [55] 35.40 36.94 34.48 37.09 33.17
IDEFICS 2 [41] 32.77 35.32 31.23 30.02 34.58
SPHINX V2 [21] 30.25 32.19 30.75 27.25 30.75
MoAI [42] 28.70 31.88 25.29 27.36 30.44

E.2 Reasoning Task Results on Validation Set

Table 9: Results by year on reasoning questions. Bold number represents best performance in-class
(open-source or proprietary).

Model All 2020 2021 2022 2023

Proprietary Multimodal Large Language Models

GPT-4o [2] 47.10 43.32 49.04 45.49 50.40
GPT-4V [2] 37.10 33.60 39.46 37.30 37.90
Claude 3 Sonnet [5] 32.20 31.98 33.33 27.46 35.89
Claude 3 Haiku [5] 31.80 31.58 34.10 30.33 31.05
Claude 3 Opus [5] 30.20 29.15 31.42 30.74 29.44
Reka Core [73] 28.90 27.94 31.80 29.51 26.21
Reka Flash [73] 26.60 26.32 27.59 25.82 26.61
Qwen VL Max [7] 24.70 27.94 24.90 23.36 22.58
Reka Edge [73] 23.50 23.08 26.44 22.13 22.18
Gemini 1.0 Pro [78] 22.80 21.86 22.99 24.59 21.77
Qwen VL Plus [7] 16.00 15.38 14.94 16.80 16.94

Open-Source Multimodal Large Language Models

InternVL Chat V1.5 [12] 29.20 31.17 31.42 27.05 27.02
MGM HD Yi 34B [49] 25.00 25.51 24.90 24.18 25.40
IXC2 4KHD [17] 25.00 23.08 28.35 23.77 24.60
LLaVA 1.6 Yi 34B [55] 22.50 20.65 26.05 21.31 21.77
MGM HD Llama3 8B [49] 19.00 17.81 17.62 20.49 20.16
IXC2 [16] 18.70 18.22 17.62 15.57 23.39
MiniCPM-V2 [31] 18.50 15.79 19.54 23.77 14.92
IDEFICS 2 [41] 18.20 21.46 15.71 16.80 18.95
IDEFICS 2 Chatty [41] 17.80 19.84 16.86 16.80 17.74
MoAI [42] 17.50 16.60 16.86 15.16 21.37
DeepSeek VL [59] 17.10 18.62 17.62 16.80 15.32
SPHINX V2 [21] 16.10 17.00 18.39 12.70 16.13
LLaVA 1.6 Mistral 7B [55] 13.90 11.34 12.26 19.26 12.90
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F Descriptive Question Results by Question Number on Validation Set

Table 10: Model evaluation results by question number (Q1–Q9) on descriptive questions.Bold
number represents best performance in-class (open-source or proprietary). We provide the mapping
from question numbers to contents in Tab. 20.

Model All Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9

Proprietary Multimodal Large Language Models

GPT-4o [2] 84.45 76.23 84.78 73.82 87.94 86.61 84.34 82.91 89.29 77.11
GPT-4V [2] 79.92 81.56 82.17 70.82 82.10 83.26 73.09 74.79 87.50 72.64
Claude 3 Sonnet [5] 73.65 74.18 76.09 53.22 88.33 84.94 76.71 75.21 87.05 77.11
Claude 3 Opus [5] 71.55 68.03 75.22 60.09 87.94 84.52 78.31 73.93 85.27 74.13
Claude 3 Haiku [5] 65.08 59.84 75.65 51.07 85.60 76.15 68.27 71.37 76.79 60.20
Reka Flash [73] 56.45 67.62 67.83 63.95 62.26 63.60 45.78 59.40 64.29 60.20
Reka Core [73] 55.60 50.41 66.52 57.51 62.65 66.53 50.20 58.97 68.75 63.68
Gemini 1.0 Pro [78] 54.37 64.34 76.09 63.95 75.49 79.50 55.82 60.68 56.25 60.70
Qwen VL Max [7] 41.48 39.75 67.83 59.23 63.81 58.58 25.70 38.89 43.30 33.33
Reka Edge [73] 33.65 19.26 53.91 37.34 49.03 43.10 26.10 28.21 45.98 30.85
Qwen VL Plus [7] 28.93 25.00 59.13 44.64 39.30 27.62 19.28 19.66 24.55 16.92

Open-Source Multimodal Large Language Models

InternVL Chat V1.5 [12] 58.50 73.36 73.91 59.66 77.43 77.82 60.24 64.53 73.66 63.18
IXC2 4KHD [17] 54.65 68.03 70.87 43.35 73.15 70.29 44.58 56.84 55.80 49.25
MGM HD Yi 34B [49] 52.68 61.07 61.74 33.48 64.59 64.44 41.77 49.15 68.30 54.73
LLaVA 1.6 Yi 34B [55] 51.05 66.39 46.52 26.18 54.86 58.58 34.54 36.32 60.27 38.81
DeepSeek VL [59] 45.80 61.89 54.35 33.48 59.14 51.05 38.96 44.02 55.36 47.76
MGM HD Llama3 8B [49] 44.42 41.39 56.96 35.62 63.42 61.09 40.16 46.58 48.21 31.34
IDEFICS 2 Chatty [41] 41.55 20.49 52.61 33.91 37.35 41.42 30.12 29.06 26.34 24.38
IXC2 [16] 38.75 60.66 35.65 16.31 33.46 46.86 22.09 23.08 31.70 27.86
MiniCPM-V2 [31] 35.77 47.95 41.74 39.06 44.36 45.61 30.12 29.06 18.30 26.37
LLaVA 1.6 Mistral 7B [55] 35.40 56.56 46.52 16.74 38.52 37.24 22.09 24.79 42.41 35.82
IDEFICS 2 [41] 32.77 36.48 48.26 40.77 33.46 40.17 29.72 24.79 33.93 30.85
SPHINX V2 [21] 30.25 53.69 36.96 16.31 43.19 35.98 36.14 25.21 12.50 13.93
MoAI [42] 28.70 52.05 32.61 11.59 31.91 47.70 20.88 20.94 24.55 22.39

Table 11: Model evaluation results by question number (Q10–Q19) on descriptive questions.Bold
number represents best performance in-class (open-source or proprietary). We provide the mapping
from question numbers to contents in Tab. 20.

Model All Q10 Q11 Q12 Q13 Q14 Q15 Q16 Q17 Q18 Q19

Proprietary Multimodal Large Language Models

GPT-4o [2] 84.45 84.25 83.43 83.52 85.39 93.26 95.85 86.11 59.82 95.55 93.85
GPT-4V [2] 79.92 79.45 84.00 79.67 79.91 90.07 93.29 72.22 41.07 93.52 87.69
Claude 3 Sonnet [5] 73.65 65.07 66.86 75.82 69.41 84.40 87.86 55.56 8.48 86.64 78.46
Claude 3 Opus [5] 71.55 62.33 54.86 71.98 62.56 77.66 69.33 41.67 26.79 91.50 84.62
Claude 3 Haiku [5] 65.08 58.22 54.29 66.48 65.30 60.99 82.75 58.33 8.04 73.28 56.92
Reka Flash [73] 56.45 76.03 67.43 67.03 68.04 40.43 23.64 75.00 7.14 70.85 80.00
Reka Core [73] 55.60 66.44 58.29 69.23 57.99 36.52 36.42 66.67 10.71 70.85 87.69
Gemini 1.0 Pro [78] 54.37 64.38 44.00 53.30 57.99 9.57 26.84 41.67 8.93 74.90 84.62
Qwen VL Max [7] 41.48 39.04 46.29 50.55 49.77 10.28 15.97 50.00 4.46 59.51 80.00
Reka Edge [73] 33.65 52.05 39.43 49.45 42.47 24.82 7.99 36.11 4.91 31.17 60.00
Qwen VL Plus [7] 28.93 52.74 36.00 58.79 41.55 7.80 6.39 33.33 2.23 29.15 56.92

Open-Source Multimodal Large Language Models

InternVL Chat V1.5 [12] 58.50 54.79 34.29 69.23 67.58 27.30 44.41 58.33 5.80 65.59 73.85
IXC2 4KHD [17] 54.65 52.05 44.00 62.09 51.14 71.28 42.4966.67 6.70 54.66 70.77
MGM HD Yi 34B [49] 52.68 56.85 78.29 46.15 51.14 64.18 40.26 50.00 2.23 58.70 69.23
LLaVA 1.6 Yi 34B [55] 51.05 58.90 54.86 36.81 36.99 80.85 84.35 50.00 5.80 57.89 78.46
DeepSeek VL [59] 45.80 53.42 41.14 57.14 42.47 60.28 24.60 47.22 4.91 43.3284.62
MGM HD Llama3 8B [49] 44.42 58.90 53.71 50.00 49.32 39.01 30.99 47.22 1.79 49.80 66.15
IDEFICS 2 Chatty [41] 41.55 39.73 46.29 39.56 30.5982.62 85.62 22.22 6.70 48.58 67.69
IXC2 [16] 38.75 48.63 52.57 52.20 37.44 51.42 59.42 33.33 5.80 44.53 64.62
MiniCPM-V2 [31] 35.77 42.47 25.14 42.31 43.38 47.16 41.85 36.11 5.36 25.91 55.38
LLaVA 1.6 Mistral 7B [55] 35.40 42.47 49.71 43.41 32.42 42.91 19.81 50.008.48 48.18 40.00
IDEFICS 2 [41] 32.77 37.67 22.86 41.76 33.33 28.01 15.34 30.56 3.12 55.06 60.00
SPHINX V2 [21] 30.25 22.60 46.86 24.73 36.07 21.28 34.19 30.56 1.79 38.46 58.46
MoAI [42] 28.70 34.25 38.29 34.62 30.59 22.70 10.22 30.56 7.59 42.51 70.77
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G Evaluation Results without Unanswerable Descriptive Questions

To assess whether models tend to hallucinate on unanswerable cases or falsely admit “Not Applicable”
or fail to provide the correct answer for answerable cases, we report models' performance on
descriptive questions of the validation set on CharXivwithoutconsidering unanswerable questions.

As shown in Tab. 12, we observe that all proprietary models except the top 3 have improved
performance (indicated by a positive� ) when unanswerable questions are not taken into account,
while the vast majority of open-source models have performance degradation (indicated by a negative
� ) when unanswerable questions are not taken into account. A possible explanation is that proprietary
models tend to be overcon�dent on the answerability of a descriptive question, while open-source
models tend to be conservative. We leave a more rigorous explanation on this aspect for future work.

Table 12: Results without considering unanswerable questions ondescriptive questions of the
validation split. Bold number represents best performance in-class (open-source or proprietary).
� represents performance difference of evaluations without considering unanswerable questions
compared to evaluations considering both answerable and unanswerable questions, the latter of which
is reported in Tab. 3. Note that all questions in the Comp. category are answerable, so the difference
is 0 for all models.

Model All � Info. � Enum. � Patt. � Cntg. � Comp. �
Extr. Rec.

Proprietary Multimodal Large Language Models

GPT-4o [2] 82.77 -1.68 83.28 0.84 83.14 -6.04 84.71 -0.79 92.11 1.94 59.82 0.00
GPT-4V [2] 75.73 -4.19 77.61 -0.68 75.46 -10.33 77.71 -3.21 87.63 -0.58 41.07 0.00
Claude 3 Sonnet [5] 70.53 -3.12 76.13 0.39 72.29 -9.63 74.20 1.94 79.47 2.83 8.48 0.00
Claude 3 Haiku [5] 65.33 0.25 72.22 2.35 69.45 -0.53 59.87 -1.96 70.26 5.41 8.04 0.00
Claude 3 Opus [5] 73.93 2.38 78.69 3.07 76.46 2.77 70.38 -0.10 82.11 8.53 26.79 0.00
Reka Core [73] 60.03 4.43 61.56 2.66 62.94 12.42 70.38 -0.87 70.00 4.28 10.71 0.00
Reka Flash [73] 59.00 2.55 60.49 -0.90 60.43 11.84 70.70 -1.82 71.84 1.97 7.14 0.00
Qwen VL Max [7] 50.50 9.02 54.15 3.73 45.91 17.50 63.69 12.54 59.74 6.03 4.46 0.00
Reka Edge [73] 36.53 2.93 41.00 4.35 32.05 3.72 51.27 -0.89 32.63 -2.09 4.91 0.00
Gemini 1.0 Pro [78] 62.40 8.02 68.37 0.40 58.76 19.53 70.06 7.46 70.00 9.52 8.93 0.00
Qwen VL Plus [7] 34.73 5.80 36.68 3.35 27.05 9.13 58.60 2.37 38.68 6.58 2.23 0.00

Open-Source Multimodal Large Language Models

InternVL Chat V1.5 [12] 63.07 4.57 68.37 -1.26 68.78 15.83 68.15 3.52 62.89 9.83 5.80 0.00
MGM HD Yi 34B [49] 51.30 -1.35 53.61 -0.25 55.26 0.30 56.69 2.75 60.53 -4.97 2.23 0.00
IXC2 4KHD [17] 54.83 0.18 60.08 -1.01 53.42 -0.66 62.74 2.94 58.42 6.89 6.70 0.00
LLaVA 1.6 Yi 34B [55] 39.53 -11.52 39.99 -6.39 37.40 -26.04 42.04 -9.87 58.95 2.84 5.80 0.00
MGM HD Llama3 8B [49] 44.23 -0.10 50.78 1.37 33.56 -5.34 53.18 -2.80 53.16 2.07 1.79 0.00
IXC2 [16] 29.70 -9.00 27.51 -6.59 26.04 -17.38 50.00 -2.93 41.32 -5.40 5.80 0.00
MiniCPM-V2 [31] 29.23 -6.25 35.94 -3.80 13.52 -22.07 43.95 -0.58 29.74 3.32 5.36 0.00
IDEFICS 2 [41] 35.07 2.30 36.48 0.36 28.71 1.43 46.82 3.56 48.68 7.85 3.12 0.00
IDEFICS 2 Chatty [41] 29.63 -11.92 37.69 2.81 10.68 -43.88 35.99 -8.28 36.32 -9.31 6.70 0.00
MoAI [42] 27.57 -1.11 26.90 -4.30 21.20 0.05 42.04 1.58 40.00 0.04 7.59 0.00
DeepSeek VL [59] 45.17 -0.60 48.01 -1.04 41.90 -3.30 59.55 -0.76 51.05 8.26 4.91 0.00
SPHINX V2 [21] 26.27 -3.91 30.07 -5.52 14.52 -9.61 23.57 -5.95 46.58 5.53 1.79 0.00
LLaVA 1.6 Mistral 7B [55] 29.77 -5.46 30.28 -4.24 26.54 -7.12 33.76 -8.73 42.11 -6.808.48 0.00

Back to Table of Contents 30 Back to the First Page



H Evaluation Results by Chart Type

H.1 Descriptive Question Results on Validation Set

We include model performance for the top 9 most common chart types. “Others" indicate chart types
that are not from the top 9 most common types. Note that each chart can contribute to the statistics of
multiple chart types when the chart is composed of multiple applicable chart types.

Table 13: Results by chart types ondescriptive questions.Bold number represents best performance
in-class (open-source or proprietary).

Line Scatter Bar Others Heat- Area Box Histo- Density ContourModel
Chart Plot Chart map Chart Plot gram Plot Plot

Question Count 2160 752 436 636 436 224 176 208 160 108

Proprietary Multimodal Large Language Models

GPT-4o [2] 85.83 80.85 82.57 77.04 82.57 83.04 82.95 82.21 80.00 84.26
GPT-4V [2] 81.57 78.06 77.52 75.16 74.08 77.68 77.84 78.85 78.75 69.44
Claude 3 Sonnet [5] 77.78 71.94 72.48 65.88 61.93 74.55 72.16 75.00 73.12 58.33
Claude 3 Opus [5] 74.95 70.21 72.02 62.89 56.19 72.32 67.61 74.52 77.50 60.19
Claude 3 Haiku [5] 70.14 62.37 58.94 56.13 57.57 68.30 55.68 65.38 64.38 59.26
Reka Flash [73] 56.48 53.86 52.29 52.52 52.98 53.12 51.70 53.37 53.12 50.93
Reka Core [73] 55.93 54.12 58.49 47.33 50.23 51.79 53.41 54.81 55.00 48.15
Gemini 1.0 Pro [78] 54.86 52.79 49.54 52.52 50.92 53.12 50.00 54.33 56.25 52.78
Qwen VL Max [7] 42.64 37.37 41.97 35.06 38.30 37.50 38.07 33.17 40.00 29.63
Reka Edge [73] 35.37 31.91 30.50 28.30 30.73 33.93 25.57 34.13 36.88 26.85
Qwen VL Plus [7] 30.32 27.13 27.52 25.63 22.48 28.57 28.41 30.77 30.00 23.15

Open-Source Multimodal Large Language Models

InternVL Chat V1.5 [12] 60.79 54.92 56.19 53.14 47.25 62.05 55.68 62.50 60.62 55.56
IXC2 4KHD [17] 61.02 53.06 46.33 44.18 45.64 59.38 52.84 55.29 54.38 45.37
MGM HD Yi 34B [49] 55.42 49.20 50.46 46.86 45.64 51.34 44.32 53.37 53.75 42.59
LLaVA 1.6 Yi 34B [55] 55.05 48.67 44.50 45.75 41.74 53.57 43.75 49.52 46.25 37.96
DeepSeek VL [59] 49.26 42.95 40.14 36.79 37.61 44.20 39.20 44.23 46.88 35.19
MGM HD Llama3 8B [49] 45.42 39.63 44.50 42.77 40.83 47.32 39.77 43.75 45.00 39.81
IDEFICS 2 Chatty [41] 42.55 39.76 38.30 38.21 37.16 45.09 35.80 42.31 43.75 41.67
IXC2 [16] 41.57 36.17 34.86 37.89 33.49 40.62 36.36 37.02 40.00 34.26
MiniCPM-V2 [31] 39.21 31.78 28.90 30.82 24.08 36.61 25.00 34.13 35.62 33.33
LLaVA 1.6 Mistral 7B [55] 35.09 30.72 33.94 36.48 37.16 36.16 27.27 27.88 28.75 31.48
IDEFICS 2 [41] 33.89 30.85 27.29 30.50 27.52 33.04 28.41 28.85 31.25 25.00
SPHINX V2 [21] 32.41 28.72 26.38 28.93 22.48 29.46 26.14 25.96 30.62 20.37
MoAI [42] 28.89 25.80 23.39 30.97 27.52 25.89 30.11 25.00 34.38 26.85

H.2 Reasoning Question Results on Validation Set

Table 14: Results by chart types onreasoningquestions.Bold number represents best performance
in-class (open-source or proprietary).

Line Scatter Bar Others Heat- Area Box Histo- Density ContourModel
Chart Plot Chart map Chart Plot gram Plot Plot

Question Count 540 188 109 159 109 56 44 52 40 27

Proprietary Multimodal Large Language Models

GPT-4o [2] 45.93 39.89 45.87 50.94 51.38 48.21 38.64 51.92 55.00 51.85
GPT-4V [2] 39.81 30.32 22.94 36.48 41.28 42.86 27.27 40.38 35.00 44.44
Claude 3 Sonnet [5] 33.15 27.66 18.35 33.33 33.03 35.71 31.82 26.92 35.00 25.93
Claude 3 Haiku [5] 34.44 26.06 17.43 39.62 29.36 26.79 27.27 34.62 37.50 22.22
Claude 3 Opus [5] 29.44 22.87 22.94 34.59 41.28 32.14 22.73 28.85 32.50 29.63
Reka Core [73] 28.89 21.81 22.94 30.82 31.19 23.21 25.00 34.62 35.00 37.04
Reka Flash [73] 25.74 21.28 20.18 26.42 26.61 25.00 27.27 21.15 27.50 14.81
Qwen VL Max [7] 25.56 22.34 18.35 22.01 24.77 21.43 25.00 25.00 22.50 29.63
Reka Edge [73] 23.33 18.62 17.43 23.90 22.94 17.86 20.45 32.69 35.00 29.63
Gemini 1.0 Pro [78] 23.70 23.94 16.51 26.42 15.60 26.79 13.64 26.92 30.00 25.93
Qwen VL Plus [7] 16.11 12.23 8.26 16.35 21.10 17.86 13.64 11.54 17.50 18.52

Open-Source Multimodal Large Language Models

InternVL Chat V1.5 [12] 29.63 27.13 21.10 25.16 26.61 28.57 20.45 30.77 37.50 33.33
MGM HD Yi 34B [49] 25.74 21.81 22.02 22.64 18.35 17.86 15.91 28.85 32.50 29.63
IXC2 4KHD [17] 25.00 20.74 23.85 25.16 23.85 21.43 20.45 28.85 30.00 18.52
LLaVA 1.6 Yi 34B [55] 23.33 18.09 22.02 18.87 19.27 17.86 22.73 17.31 30.00 22.22
MGM HD Llama3 8B [49] 19.07 15.43 14.68 19.50 20.18 17.86 18.18 19.23 22.50 3.70
IXC2 [16] 15.56 14.89 18.35 15.09 29.36 12.50 18.18 13.46 15.00 18.52
MiniCPM-V2 [31] 20.37 17.02 10.09 20.75 13.76 21.43 9.09 13.46 20.00 14.81
IDEFICS 2 [41] 18.15 17.02 15.60 19.50 15.60 14.29 11.36 13.46 7.50 14.81
IDEFICS 2 Chatty [41] 16.85 12.77 16.51 20.75 18.35 17.86 15.91 17.31 10.00 18.52
MoAI [42] 15.37 15.96 13.76 16.98 27.52 16.07 9.09 11.54 20.00 11.11
DeepSeek VL [59] 16.30 16.49 14.68 15.09 18.35 16.07 15.91 19.23 17.50 18.52
SPHINX V2 [21] 17.59 13.83 11.01 11.95 17.43 14.29 6.82 17.31 12.50 18.52
LLaVA 1.6 Mistral 7B [55] 14.07 11.70 11.93 11.95 13.76 10.71 6.82 15.38 12.50 11.11
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I Relationship Between Response Length and Correctness

Figure 7: Relationship between models' generation length and correctness on reasoning questions.
We use GPT-4o tokenizer to calculate the lengths of model responses to reasoning questions in
CharXiv. The color encoding considers applicable data points from its corresponding bin and the
proceeding and following 2 bins.
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J Run Con�gurations

For evaluation con�gurations on more recent models (i.e., from Tab. 3), refer to the leaderboard (by
clicking the model's name).

Table 15: Run con�gurations for all models. Unset values indicate that their default values are being
used. For Qwen models, we are unable to use a Top-P of exactly 1 due to their API settings, and we
end up using a value of0:99999. Temp. denotes temperature. We use model pages' code to set up
the run con�gurations whenever possible.

Model Version/ Do Max New Temp. Top-P Seed
HF Checkpoint Sample Tokens

Proprietary Multimodal Large Language Models

GPT-4o [2] gpt-4o-2024-05-13 1000 0 1 42
GPT-4V [2] gpt-4-turbo-2024-04-09 1000 0 1 42
Claude 3 Sonnet [5] claude-3-sonnet-20240229 1024 0 1
Claude 3 Opus [5] claude-3-opus-20240229 1024 0 1
Claude 3 Haiku [5] claude-3-haiku-20240307 1024 0 1
Reka Flash [73] reka-flash-20240226 1024 0 1
Reka Core [73] reka-core-20240415 1024 0 1
Gemini 1.0 Pro [78] gemini-1.0-pro-vision-001 1000 0 1
Qwen VL Max [7] qwen-vl-max 0 1* 42
Reka Edge [73] reka-edge-20240208 1024 0 1
Qwen VL Plus [7] qwen-vl-plus 0 1* 42

Open-Source Multimodal Large Language Models

InternVL Chat V1.5 [12] OpenGVLab/InternVL-Chat-V1-5 False 512
IXC2 4KHD [17] internlm/internlm-xcomposer2-4khd-7b False
MGM HD Yi 34B [49] YanweiLi/MGM-34B-HD False 1024 0 1
LLaVA 1.6 Yi 34B [55] llava-hf/llava-v1.6-34b-hf False 100
DeepSeek VL [59] deepseek-ai/deepseek-vl-7b-chat False 512
MGM HD Llama3 8B [49] YanweiLi/MGM-8B-HD False 1024 0 1
IDEFICS 2 Chatty [41] HuggingFaceM4/idefics2-8b-chatty False 500
IXC2 [16] internlm/internlm-xcomposer2-vl-7b False
MiniCPM-V2 [31] openbmb/MiniCPM-V-2 False 0 1
LLaVA 1.6 Mistral 7B [55] llava-hf/llava-v1.6-mistral-7b-hf False 1000
IDEFICS 2 [41] HuggingFaceM4/idefics2-8b False 500
SPHINX V2 [21] Alpha-VLLM/LLaMA2-Accessory 1024 0 1 42
MoAI [42] BK-Lee/MoAI-7B False

K Open-Source Model Components

Table 16: We summarize the visual and language model components of the open-source models
evaluated in CharXiv. In addition, we provide the input resolution that is used in our evaluation.
Note that LLaVA 1.6 models support dynamic aspect ratio input resolution, so the actual resolution
may not necessarily be672� 672. MoAI uses additional vision encoders as verbalizers. Charts in
CharXiv have an average size of996� 702and the max size of1024� 1024.

Model Vision Language Resolu-
Encoder Model tion

InternVL Chat v1.5 [12] InternViT-6B-448px-V1-5 InternLM2-Chat-20B 1344� 1344

IXC2 4KHD [17] CLIP ViT-L-14-336 InternLM2-7B-ChatSFT 1344� 1344

MGM HD Yi 34B [49] CLIP ViT-L-14-336 & Nous-Hermes-2-Yi-34B 1536� 1536
OpenCLIP ConvNeXt-L

LLaVA 1.6 Yi 34B [55] CLIP ViT-L-14-336 Nous-Hermes-2-Yi-34B 672� 672*

DeepSeek VL [59] SigLIP-384-SO400M & DeepSeek-LLM-7B 1024� 1024
SAM-ViT-Base

MGM HD Llama3 8B [49] CLIP ViT-L-14-336 & LLaMA-3-8B-Instruct 1536� 1536
OpenCLIP ConvNeXt-L

IDEFICS 2 Chatty [41] SigLIP-384-SO400M Mistral-7B 980� 980

IXC2 [16] CLIP ViT-L-14-336 InternLM-7B 490� 490

MiniCPM-V2 [31] SigLIP-384-SO400M MiniCPM-2.4B 1344� 1344

LLaVA 1.6 Mistral 7B [55] CLIP ViT-L-14-336 Mistral-7B 672� 672*

IDEFICS 2 [41] SigLIP-384-SO400M Mistral-7B 980� 980

SPHINX V2 [21] DINOv2 VIT-g14 & LLaMA2-13B 448� 448
OpenCLIP ConvNeXt-XXL

MoAI [42] CLIP ViT-L-14-336* InternLM-7B 490� 490
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L Model License

Table 17: Summary of licenses in models that are evaluated in CharXiv. Entries marked with “Not
Applicable” indicate that authors do not have an explicit code license displayed within the codebase
or model checkpoint page.

Name Model License Code License

GPT-4o Proprietary Proprietary
GPT-4V Proprietary Proprietary
Claude 3 Sonnet Proprietary Proprietary
Claude 3 Haiku Proprietary Proprietary
Claude 3 Opus Proprietary Proprietary
Reka Core Proprietary Proprietary
Reka Flash Proprietary Proprietary
Qwen VL Max Proprietary Proprietary
Reka Edge Proprietary Proprietary
Gemini 1.0 Pro Proprietary Proprietary
Qwen VL Plus Proprietary Proprietary
InternVL Chat V1.5 MIT MIT
IXC2 4KHD Custom Apache 2.0
MGM HD Yi 34B Apache 2.0 Apache 2.0
LLaVA 1.6 Yi 34B Apache 2.0 Apache 2.0
MGM HD Llama3 8B llama3 Apache 2.0
SPHINX V2 llama2 Not Applicable
DeepSeek VL deepseek MIT
IDEFICS 2 Apache 2.0 Not Applicable
IXC2 Custom Apache-2.0
MiniCPM-V2 minicpm Apache 2.0
LLaVA 1.6 Mistral 7B Apache 2.0 Apache 2.0
MoAI Apache 2.0 Apache 2.0
IDEFICS 2 Chatty Apache 2.0 Not Applicable

M Evaluations on Automatic Grading

To further validate the feasibility of automatic grading, we performed human grading for a total of
400 questions across descriptive and reasoning tasks on 4 different models. Overall, human grading
and GPT-4o based automatic grading match 98.5% of the time. Moreover, by looking at the matching
rate on different models, we do not �nd any signi�cant favoritism in grading for certain models. We
provide detailed statistics in Tab. 18 and Tab. 19. (A), (B), (C), (D) refer to GPT-4o [2], Claude 3
Sonnet [5], InternVL Chat V1.5 [16], and MGM HD Yi 34B [49] respectively. TP: both human and
GPT-4o rate the response as correct. FP: human rates the response as incorrect, but GPT-4o rates it as
correct. FN: human rates the response as correct, but GPT-4o rates it as incorrect. TN: both human
and GPT-4o rate the response as incorrect. F1: the corresponding F1 score.

(A) (B) (C) (D)

TP 39 36 28 21
FP 1 0 1 0
FN 0 0 1 0
TN 10 14 20 29

F1 0.99 1.00 0.97 1.00

Table 18: Descriptive Questions

(A) (B) (C) (D)

TP 24 14 18 14
FP 0 1 0 0
FN 1 1 0 0
TN 25 34 32 36

F1 0.98 0.93 1.00 1.00

Table 19: Reasoning Questions
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