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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-40), 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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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.! These narrow evaluations create the appearance that the open-source models
outperform proprietary ones’, 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-40 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.

'We 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 1fid sample questions from existing benchmarks
(subsets of DVQA, FigureQA and ChartQA from ttestminisplit of MathVista) yet fail consistently

on thel000reasoning questions from the validation split of CharXiv.

2 Existing Benchmarks Overestimate Chart Understanding Capabilities

2.1 Related Works

Existing benchmarks such as FigureQ#g], DVQA [35], PIotQA [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 MM, [ChartBench §6] and Chart?

[85] also contain issues with the source or diversity of the charts,ChartX, MMC) and the types of
guestions€.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.

Chart source. FigureQA, DVQA and Table 1: Design choice of chart understanding bench-
PlotQA use plotting software to synthemarks. We use the following shorthand: Vis. Bivisual

size charts restricted to very few predetiversity, Temp=template, Knwk knowledge, and
ned chart types with stylistically similar Vocab= vocabulary. Cells marked with3” indicate
elements (see Figs. 8(a), 8(b) and 8(cjhixed attributeqe.g., real and synthetic data; real and
ChartQA sources charts from only 4 websynthetic chart).

sites, each of which lacks visual diversity.

(see Fig. 8(d)). One such website also QUESTIONTYPE ~ ANSWER
served as the primary source of chart$iame Real Real Vis. Temp. Free Knwl. Open
for reasoning questions in MMC. On Data Chart Div. Based Form Free  Vocab.

the other hand, ChartX provides xed Qa-Based

instructions to GPT-4 to write code to FigureQA[36] 7 7 7 3 7 3 7
procedurally generate prede ned types DVQA [35] o7 17 3 7 3 3
of charts and settings in bulk. All of Ef;ggg[le]q O A
these approaches yield arti cial charts chartBench[ss] 3 3 3 3 7 3 7
belonging to a narrow distribution. Multi-Task

Question types. Existing benchmarks L\:ﬂmﬁ)[fﬁg]ﬂ i 37 73 77 33 g g

lack variation in their questions: Fig-
ureQA, DVQA and PIotQA use a xed Charxiv 3 3 3 3 38 3 3

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 ¢ knowledge (e.g., mapping acronyms in the legend
to particular algorithms).

Answer & validation. FigureQA and ChartBench both evaluate model performance based only on
yes/noguestions. 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 benchg&tafés p4] for
visual instruction tuningq6] 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.



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 MLLMSs. In particular, we demonstrate below that
simplemodi cations in the evaluation components leaddtasticchanges 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) £9)], InternVL-XComposer2 (1XC2)16], InternVL-
XComposer2 4KHD (IXC2 4KHD) 17], InternVL-Chat V1.5 [L2], 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 ediuestionset. Right: original set against modi echart set.

Evaluation set. We extracted subsets of DVQA, FigureQA, and ChartQA from MathVista. This
yields 174 samples, and we refer to it as tr@inal 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 templdg3]. 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
overestimatiorof 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 tdst thet following sections, we
describe how we select charts (83.1), construct questions (83.2), and validate model responses (83.3).

“Similar to MathVista $0] 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.



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 resizd®2gpx.

Chart selection. We de ne a chart agny gure that visually illustrates dataMost gures in

arXiv source les are diagrams, illustrations, and natural imagesgharts. To identify charts and
promote visual diversity, we apply a four-step selection pipeline. First, we utilize a pretrained SigLIP
visual encoderd4] to identify candidate gures that exhibit a cosine similarity of at le&86 with

the average image embedding of existing charts from MathVaa3p, 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 larg®:05) 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.qg., lines and bars in one plot). To
aggregate statistics on chart types, we rst query GPT-40 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 questiordescriptiveandreasoning 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
guestions 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 subpl¢éee 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

SWe use the pre x for the subplot at row N and column’Nivhen subplots form a grid or a descriptierg.,
“for the bottom left subpldbtherwise. BothN andM start from 1.



Figure 5:Statistics of chart types.CharXiv captures a long tail of chart categories in-the-wild.

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

Reasoning questions.We manuallycraft one reasoning quesTable 2: CharXiv dataset statistics.
tion for each chart to evaluate the models' ability to perfortnique tokens and question & an-
visual and numerical reasoning. To ensure data quality, wesi@er lengths are calculated based
cruit graduate students as annotators. Annotators are presemtetie GPT-40 tokenizer.

with a chart and 10 sample reasoning QA pairs generated_by

GPT-4V. Based on the diversity and practicality of the sampl&tatistics Value

guestions, annotators choose or modify one of the samples, @farts

they create their own question for each chart. The resulting quegia! Charts 2323

tion must have a de nite and unambiguous answer and musp g ogeosivears o oa

strictly adhere to one of the following four types: Average size (px) "996 702

« text-in-chart The answer is a piece of text found in the chartMaximum size (px) 1024 1024
(see Apps. V.1, V.2 and V.6). Descriptive Questions

« text-in-general The answer is an easily veri able phrase thatﬁ uesons i 9% 2%
is not necessarily in the chart (see Apps. V.3, V.4 and \/.30).A,lfsn\,'\(,qeure duestions

* number-in-chart The answer is a numerical value written on - # unique. tokens 3,723
the chart (see Apps. V.7, V.9 and V.12). - maximum length 138

- average length 2:93

* number-in-general The answer requires an exact numeri- . :
cal value, not necessarily found in the chart, to a speci e(geas‘“”'“g Questions

L questions 2,323
precision (see Apps. V.5, V.14 and V.15). # unique questions 2323

One notable feature of our reasoning questions is that they a@gestion
designed to requirenly visual and numerical reasoning, with- :fn :Qi'gn“uerﬁ'e‘ﬁ”fh 5 ﬂj
out the need for advanced domain-speci ¢ knowledge or acyerage |engt% 2256

cess to captions and referencing paragraphs. This sets CharAiswer

apart from MathVistag0], MMMU [ 93], and arXiv-based QA - # unique tokens 2177
- maximum length 38

datasets g3, 47, 4€], which often require additi_onal expert _,verage length 28
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 €.9., and$nalpha$; T a_b andT_b a), we opt out of exact match and instead use GPT-40

[2] to extract the answer, compare with the human reference for consistency, andosaigiscores

based on the correctness. This procedure can be considered an LLM judge based on human reference.

5This is inspired by similar designs in SQUAD 2.0 [75] and WebArena [99].



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-40 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 equsi8o 448and (2) achieve a score of
at least 36 on theestminiset of MathVista §$0]. 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 §9], MoAlI [ 42], IDEFICS 2
[41], IDEFICS 2 Chatty §1], 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-24 GPT-4V [2], Claude-3 Opusq], Claude 3
Sonnet p], Claude 3 Haiku ], Reka Core T3], Reka Flash T3], Reka Edge 73], Gemini 1.0 Pro
[78], Qwen VL Plus [/], and Qwen VL Max []. For all models, we provide generation con gurations
in Tab. 15.

Baselines.We provide a text-only baseline, denoted as Random (GPT-40), where we prompt GPT-40

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 performaagélgman) 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 TatR8sults on the test

set are available in Tab. 5. To better understand where models fail, we select a set of representative
models P, 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-40, only correctly answer:1% of the reasoning questions, exhibitin@24% gap to the

human performance &0:5%. Moreover, the strongest open-source model, InternVL Chat V1.5,
only correctly answer29:2% of the reasoning questions, highlighting a substantial gap between
the leading proprietary and open-source models. Notably, hone of the other open-source models
can correctly answer more th@6% 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, @Xj(see Fig. 2).

Open-source models still struggle with descriptive questions.The leading proprietary model,
GPT-40, exhibits strong capabilities in answering descriptive questions, laggingg&%tbehind
human performance. However, similar to our ndings on reasoning questions, the top-performing
open source model, InternVL Chat V1.5, exhibi8®95%drop in performance compared to GPT-40.
Overall, the performance of open-source models on descriptive questions remains very low, with
most models failing to correctly answer more tH#86 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 reversetiguaranteed (e.g., see Gemini

"Results 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.



Table 3: Evaluation results on the validation set. Bold numbers represent the best in-class perfor-
mance (open-source or proprietary), amdlerlinednumbers 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. Recpattern 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.

Reasoning Questions Descriptive Questions
Model All Textin Textin  Num.in Num.in All Info.  Enum. Patt. Cntg. Comp.
Chart  General Chart General Extr. Rec.
Baselines
Human 80.50 77.27 77.78 84.91 83.41 92.10 9140 91.20 95.63 93.38 92.86
Random (GPT-40) [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-40 [2] 47.10 50.00 61.62 47.84 3450 84.45 8244 89.18 90.17 8550 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] 3220 31.59 50.51 31.47 26.20 73.65 7574 8192 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 2533 7155 7562 73.69 7358 70.48 26.79
Reka Core [73] 2890 27.50 41.41 28.45 26.64 55.60 5890 5052 6572 71.25 10.71
Reka Flash [73] 26.60 26.59 39.39 30.60 17.03 56.45 61.39 4859 69.87 7252 7.14
Qwen VL Max [7] 2470 26.14 41.41 24.57 1485 41.48 50.42 2841 53.71 5115 4.46
Reka Edge [73] 2350 20.23 32.32 30.60 18.78 33.65 36.65 28.49 34.72 52.16 491
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 2893 33.33 17.92 3210 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] 2250 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 4442 4941 39.23 51.09 55.98 1.79
IXC2* [16] 18.70 16.14 38.38 21.98 11.79 38.75 34.10 4358 46.72 5293 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 4155 34.88 5456 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 4046 _ 7.59
DeepSeek VL [59] 17.10 16.36 32.32 19.83 9.17 45.80 49.11 4520 42.79_60.31 4.91
SPHINX V2* [21] 16.10 13.86 28.28 17.67 13.54 30.25 3559 24.37 41.05 29.52 1.79

LLaVA 1.6 Mistral 7B* [55] 13.90 11.36 32.32 16.81 7.86 3540 3470 33.98 4891 4249 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 mod&p, 7, 42] leverage zero-shot Chain-of-Thought
(CoT) reasoningd4, 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. | that longer resporegsthose potentially
containing more CoT traces) caegativelyimpact models' performance on reasoning questions.
This issue is especially clear in models with low accuracy on descriptive questions, such as MoAl
and Qwen VL Plus, which answ@B: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 achievB2:68% and56:45%, respectively, show improved performance on reasoning
guestions 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 humansWe 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 achiev@2:86%, 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 achiev&85%). 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 ir2§% Bf 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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Figure 6: Analysis on unanswerable questions (a) and charts with subplots (b).

questions in Fig. 6(a). Interestingly, the models that achieve an accuracy &&6wn unanswerable
guestions each exhibit idiosyncratic patterns of failure. For example, IDEFICS 2 Chatty incorrectly
responds to nearl90% unanswerable questions about the title, x- and y-axis labels, yet correctly
identi es more tharB0% of unanswerable questions about intersections of lines and the presence of
the legend. On the other hand, IXC 2 correctly respor80 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 questitheutunanswerable 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 38%-50% for open-source models and orll¥%—-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 ¢ 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 answerin@9:26% of the reasoning questions from charts in the math domain, but it
signi cantly lags behind in other domains, exhibiting gaps greater &G 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 typesOur 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



common chart types, such as contour plots and heatmaps (see Fig. 5). GPT-40, 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-40, 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-40 and other models shows little correlation
with either chart type or performance gap on descriptive questions. Most strikingly, while GPT-40
and GPT-4V show only a 5-point gap on descriptive questions for bar charts, their performance
diverges dramatically on reasoning questions, with GPT-40 (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 ¢ 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 82.2). 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 85.

Limitations. Despite the fact that CharXiv does not require advanced domain-speci ¢ knowledge,
human accuracy is on§0:5% 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 ¢ 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.
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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 modelg) after the initial release of CharXiv as well as domain-specici.e.,
chart and document multimodal large language models. Cutoff date: October 30, 2024.

Reasoning Questions Descriptive Questions
Model All Textin  Textin  Num.in Num.in All Info.  Enum. Patt. Cntg. Comp.
Chart General Chart General Extr. Rec.
Baselines
Human 80.50 77.27 77.78 84.91 83.41 92.10 9140 91.20 95.63 93.38 92.86
Random (GPT-40) [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-40 [2] 47.10 50.00 61.62 47.84 34.50 84.45 82.44 89.18 90.17 85.50 59.82
TGemini 1.5 Pro [78] 43.30 45.68 56.57 45.69 30.57 7197 8179 64.73 79.48 76.34 15.18
TInternVL 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 2533 79.92 7829 85.79 88.21 80.92 41.07
TGPT-40 Mini [2] 34.10 35.23 47.47 32.33 2795 7492 7491 8281 69.21 79.13 35.71
Claude 3 Sonnet [5] 32.20 31.59 50.51 31.47 26.20 73.65 7574 8192 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 2533 7155 75.62 73.69 7358 70.48 26.79
Reka Core [73] 28.90 27.50 41.41 28.45 26.64 55.60 5890 5052 6572 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 7252 7.14
Qwen VL Max [7] 2470 26.14 41.41 24.57 1485 41.48 50.42 2841 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 52.16 491
Gemini 1.0 Pro [78] 22.80 2091 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 2893 3333 17.92 3210 56.23 2.23
Open-Source Multimodal Large Language Models
TInternVL 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
TInternVL V2.0 26B [12] 33.40 33.18 5152 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 5459 65.39 6.25
InternVL Chat V1.5 26B [12] 29.20 30.00 45.45 32.33 17.47 5850 69.63 5295 53.06 64.63 5.80
TGLM 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
TOvis 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
TOvis 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
TCambrian 34B [80] 27.30 24.55 44.44 27.59 24.89 59.73 59.31 70.94 53.28 64.63 5.36
TMiniCPM-V2.6 [88] 27.10 21.59 45.45 35.34 21.40 61.62 69.28 55.93 60.48__72.0119.64
MGM HD Yi 34B [49] 25.00 26.59 43.43 27.16 11.79 52.68 53.86 55.04 _65.5053.94 2.23
IXC2 4KHD [17] 25.00 23.86 43.43 29.31 1485 54.65 61.09 54.08 51.53 59.80 6.70
MiniCPM-V2.5 [31] 2490 25.23 43.43 25.43 15.72 59.27 62.28 61.90 56.77 68.96 0.27
TVILA 1.5 40B [50] 24.00 21.59 41.41 25.00 20.09 38.67 42.88 29.62 5131 50.89 9.82
LLaVA 1.6 Yi 34B* [55] 2250 20.45 37.37 23.71 18.78 51.05 46.38 63.44 56.11 5191 5.80
MGM HD LLaMAS3 8B [49] 19.00 19.77 36.36 21.12 7.86 4442 4941 39.23 51.09 55.98 1.79
TCogAgent [27] 18.80 16.82 32.32 20.69 1485 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 4358 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 4155 34.88 5456 4563 44.27 6.70
MoAlI* [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 4520 42.79 60.31 4.91
SPHINX V2* [21] 16.10 13.86 28.28 17.67 13.54 30.25 3559 2437 41.05 29.52 1.79
LLaVA 1.6 Mistral 7B* [55] 13.90 11.36 32.32 16.81 7.86 3540 3470 3398 4891 42.49 8.48
Domain-Speci ¢ 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
TUReader [89] 14.30 11.36 18.18 15.52 17.03 18.98 10.20 27.60 3341 20.36 __5.36
TChartLlama [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 1159 24.24 16.81 4.80 21.30 2758 18.97 14.19 19.59 4.46
TChartAssistant [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 15.9429.52 6.70
'DocOwl 1.5 Omni [30] 9.10 5.45 14.14 9.48 1354 25.70 34.46 17.92 31.88 17.56 4.46
TChartinstruct-Llama2 [66] 8.80 4.09 23.23 7.76 12.66 2140 23.31 1550 33.19 27.48 4.91
"TinyChart [95] 8.30 5.00 13.13 6.47 1441 16.15 13.82 14.61 24.67 28.50 3.12
TUniChart-ChartQA [65] 5.70 3.41 6.06 3.45 12,23 19.32 991 _38.26 12.23 19.08 0.45
TTextMonkey [58] 3.90 2.50 4.04 3.02 742 1245 1216 1792 873 6.36 2.68

Back to Table of Contents 24 Back to the First Page



B Extended Related Works

Multimodal Large Language Models. Multimodal Large Language Models (MLLMs) take inputs
beyond texté.g, image, audio, videagtc) and generate text responsag][ Most MLLMs focus on
vision-language tasks. Prototypical approaches train adaptors that connect independent visual-only
and language-only moduledq, 44, 4] or adapt language models to visual inpugg,[11, 10]. With
instruction tuning $3] and accessibility to more instruction-tuned Large Language Mo@é|s3f,

91, 13], there has been a proliferation of open-source MLLI9S8 P6, 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 MLEKISE, 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 understandidg€4], 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 MathViste[)] (82) and CharXiv (84), 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 imagesg| 25, 33, 77, 63] or screenshot$22], such as document§9], diagrams 89,
charts p4] and infographics§8]. More recently, several MLLM benchmarks emerged that evaluate
multimodal capabilities in a modenowledge-intensivig 1, 60, 93] andcomprehensivfd?2, 57, 20]
setting. Chart understanding signi es an important challenge for MLLMs, where the vast majority of
open- and proprietary modelg,[5, 73, 7, 78] report model performance on chart understanding tasks
[60, 64]. Earliest chart understanding benchmarks often adopt synthetic data and 86236 [ 1]

or use stylistically consistent chart$4]. More recent chart understanding benchmarks are either not
publicly available 3, 86] or widely adopted$5]. CharXiv (83) is most similar to the design choice

of ChartQA 4], 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 summarizatiri (1, 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 parfitattari A

[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. ChartBER@dpted a two-stage
pipeline to rstly convert annotated charts to texts, and then use a BERTr{odel to serve as a

fact checker for questions. ChartT®] leveraged chart information to Il 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. UniGHageherates

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{0] 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. ChartLla26pgnd CHOPINLLM [19)]
proposed an LLM-based pipeline that generates the source table, charts and QAs automatically with
GPT models. Finally, ChartGemm@7 netuned PaliGemma model$] 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 €&ld number represents the best in-class performance
(open-source or proprietary), andderlinedhumber 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. Recpattern recognition, Cntg.counting,
Comp= compositionality. Details for these categories are shown in Fig. 4 and §3.2.

Reasoning Questions Descriptive Questions
Model Al Textin ~ Textin  Num.in Num.in Al Info. Enum. Patt. Cntg. Comp.
Chart  General Chart  General Extr. Rec.

Proprietary Multimodal Large Language Models

GPT-40 [2] 47.01 52.15 5231 47.86 33.98 8492 8495 88.02 86.57 8810 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] 3235 33.61 3385 33.93 27.83 7275 7541 8110 7695 70.51 11.99
Claude 3 Haiku [5] 30.46 31.46  40.00 28.93 25.89 6449 6898 69.84 6897 6117 7.89
Claude 3 Opus [5] 28.80 2831  36.92 29.29 2589 7222 76.64 76.04 7423 68.32 28.36
Reka Core [73] 28.27 30.30 34.62 27.50 2233 5476 59.85 49.97 68.24 62.82 10.82
Reka Flash [73] 27.14 2930 36.92 31.79 1456 54.72 61.04 46.78 67.70 68.68 9.65
Qwen VL Max [7] 25.17 2897 4154 20.00 1553 40.00 49.50 25.77 56.99 48.17 7.89
Reka Edge [73] 2389 22.68 4231 25.00 17.48 3152 36.27 26.85 31.22 4432 3.80
Gemini 1.0 Pro [78] 2268 2219 39.23 21.43 1780 51.85 68.48 3540 62.98 52.38 6.43
Qwen VL Plus [7] 14.89 17.22  33.85 5.36 11.00 27.85 3390 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] 2464 2599 36.15 28.21 13.92 56.14 65.33 53.94 52.45 58.24 10.53
MGM HD Yi 34B [49] 2328 27.81 36.15 21.79 10.36  52.66 57.44 5455 58.80 53.85 1.17
LLaVA 1.6 Yi 34B [55] 20.03 2252 33.85 16.43 12.62 51.46 4954 6225 57.71 47.07 8.19
MGM HD Llama3 8B [49] 19.05 19.70 37.69 22.14 7.12 4569 54.11 3829 53.72 53.30 2.63
SPHINX V2 [21] 17.69 15.56 26.15 21.43 14.89 2959 37.14 2288 40.65 26.19 1.46
DeepSeek VL [59] 17.38 14.57 33.08 19.64 1424 4541 4954 4539 46.82 5238 5.56
IDEFICS 2 [41] 16.70 15.89  28.46 16.79 13.27 3199 3517 2824 3938 4121 3.22
IXC2 [16] 16.33 16.39  27.69 18.93 9.06 37.74 36.59 40.04 43.01 4872 7.89
MiniCPM-V2 [31] 16.10 16.23  28.46 17.86 9.06 34.71 40.05 34.74 2359 4121 7.89
LLaVA 1.6 Mistral 7B [55] 16.02 17.05 3231 13.21 971 3432 37.14 29.62 41.02 47.07 7.89
MoAl [42] 1542 11.92  29.23 17.14 14.89 2855 3390 20.83 37.39 3553 6.43
IDEFICS 2 Chatty [41] 14.89 1556  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 questiddsld number represents best performance
in-class (open-source or proprietary). Elec. Eng. & Sys. Sci. denotes Electrical Engineering and
Systems Science.

Model All Physics Math Statistics ~ Quantitative =~ Computer ~ Quantitative ~ Economy  Elec. Eng.
Biology Science Finance Sys. Sci.
Proprietary Multimodal Large Language Models
GPT-40 [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 4381 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 3241 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 4259 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 2598 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 questiBogd number represents best performance in-class
(open-source or proprietary). Elec. Eng. & Sys. Sci. denotes Electrical Engineering and Systems
Science.

Model All Physics Math Statistics ~ Quantitative =~ Computer ~ Quantitative ~ Economy  Elec. Eng.
Biology Science Finance Sys. Sci.
Proprietary Multimodal Large Language Models
GPT-40 [2] 47.10 5354 4296 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 2598 27.41 30.09 23.81 19.05 13.79 20.29 27.73
Gemini 1.0 Pro [78] 22.80 2520 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 2241 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 2437
IXC2 4KHD [17] 25.00 28.35 27.41 2212 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 1496 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 1556 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 tasBRseld 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-40[2] 84.45 85.53 8257 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 7490 75.20
Claude 3 Opus [5] 71.55 7176 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 5345 51.64 55.04
Qwen VL Max [7] 41.48 4474 40.80 40.78 39.62
Reka Edge [73] 33.65 37.75 30.27 3227 34.48
Qwen VL Plus [7] 28.93 29.45 2845 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 4352 40.04 39.14 4355

IXC2 [16] 38.75 39.68 36.40 38.63 40.42
MiniCPM-V2 [31] 35.77 37.96 3458 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 2529 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-40[2] 47.10 43.32 49.04 4549 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 3158 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 2582 26.61
Qwen VL Max [7] 24.70 27.94 2490 2336 2258
Reka Edge [73] 23.50 23.08 26.44 22.13 22.18
Gemini 1.0 Pro [78] 22.80 21.86 2299 2459 2177
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 3142 27.05 27.02
MGM HD Yi 34B [49] 25.00 2551 2490 24.18 25.40
IXC2 4KHD [17] 25.00 23.08 2835 23.77 24.60
LLaVA 1.6 Yi 34B [55] 22.50 20.65 26.05 21.31 2177
MGM HD Llama3 8B [49] 19.00 17.81 17.62 20.49 20.16

IXC2 [16] 18.70 1822 17.62 1557 23.39
MiniCPM-V2 [31] 1850 1579 1954 23.77 14.92
IDEFICS 2 [41] 1820  21.46 1571 16.80 18.95
IDEFICS 2 Chatty [41] ~ 17.80  19.84 16.86 16.80 17.74
MoAI [42] 1750  16.60 16.86 1516 21.37
DeepSeek VL [59] 17.10 1862 17.62 16.80 15.32
SPHINX V2 [21] 16.10  17.00 1839 12.70 16.13

LLaVA 1.6 Mistral 7B [55] 13.90 11.34 1226 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 que&alds.
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-40 [2] 84.45 76.23 84.78 73.82 87.94 86.61 84.34 8291 89.29 77.11
GPT-4V [2] 79.92 81.56 82.17 70.82 82.10 83.26 73.09 7479 8750 72.64
Claude 3 Sonnet [5] 73.65 74.18 76.09 53.2288.33 84.94 76.71 7521 87.0577.11
Claude 3 Opus [5] 71.55 68.03 75.22 60.09 87.94 8452 7831 73.93 8527 74.13
Claude 3 Haiku [5] 65.08 59.84 75.65 51.07 8560 76.15 6827 7137 76.79 60.20
Reka Flash [73] 56.45 67.62 67.83 6395 6226 63.60 4578 59.40 64.29 60.20
Reka Core [73] 55.60 50.41 66.52 5751 62.65 66.53 50.20 58.97 68.75 63.68
Gemini 1.0 Pro [78] 54.37 64.34 76.09 6395 7549 7950 5582 60.68 56.25 60.70
Qwen VL Max [7] 41.48 39.75 67.83 59.23 63.81 5858 2570 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 4598 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 7391 59.66 77.43 77.82 60.24 6453 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 6459 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 5435 33.48 59.14 51.05 3896 44.02 55.36 47.76

MGM HD Llama3 8B [49] 44.42 41.39 56.96 35.62 6342 61.09 40.16 46.58 48.21 31.34
IDEFICS 2 Chatty [41] 41.55 20.49 5261 3391 3735 4142 3012 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 4436 4561 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 2479 4241 35.82
IDEFICS 2 [41] 32.77 36.48 48.26 40.77 33.46 40.17 29.72 2479 33.93 30.85
SPHINX V2 [21] 30.25 53.69 36.96 16.31 43.19 3598 36.14 2521 1250 13.93
MoAI [42] 28.70 52.05 32.61 11.59 3191 47.70 20.88 20.94 2455 2239

Table 11: Model evaluation results by question number (Q10-Q19) on descriptive queltizhs.
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-40 [2] 84.45 84.25 83.43 83.52 8539 93.26 9585 86.11 59.82 9555 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 7198 6256 77.66 69.33 41.67 26.79 91.50 84.62
Claude 3 Haiku [5] 65.08 58.22 54.29 66.48 6530 60.99 8275 5833 8.04 73.28 56.92
Reka Flash [73] 56.45 76.03 67.43 67.03 68.04 40.43 2364 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 57.99 957 26.84 4167 893 7490 84.62
Qwen VL Max [7] 41.48 39.04 46.29 5055 49.77 10.28 1597 50.00 4.46 59.51 80.00
Reka Edge [73] 33.65 52.05 39.43 4945 4247 2482 799 36.11 491 31.17 60.00
Qwen VL Plus [7] 28.93 52.74 36.00 5879 4155 7.80 6.39 3333 223 29.15 b56.92

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 42.486.67 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 5870 69.23
LLaVA 1.6 Yi 34B [55] 51.05 58.90 54.86 36.81 36.99 80.85 8435 50.00 580 57.89 78.46
DeepSeek VL [59] 45.80 53.42 41.14 57.14 4247 60.28 2460 47.22 491 438262

MGM HD Llama3 8B [49] 44.42 58.90 53.71 50.00 49.32 39.01 30.99 4722 179 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 5142 5942 3333 580 4453 64.62
MiniCPM-V2 [31] 35.77 42.47 25.14 4231 4338 47.16 4185 36.11 536 2591 55.38
LLaVA 1.6 Mistral 7B [55] 35.40 42.47 49.71 43.41 3242 4291 19.81 50.08.48 48.18 40.00

IDEFICS 2 [41] 32.77 37.67 2286 41.76 33.33 28.01 1534 3056 3.12 55.06 60.00
SPHINX V2 [21] 30.25 22.60 46.86 24.73 36.07 21.28 3419 3056 1.79 38.46 58.46
MoAI [42] 28.70 3425 38.29 3462 3059 2270 10.22 3056 759 4251 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 Chamithoutconsidering 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 questiordescriptive 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 O for all models.

Model Al Info. Enum. Patt. Cntg. Comp.
Extr. Rec.

Proprietary Multimodal Large Language Models

GPT-40 [2] 82.77 -1.68 | 83.28 0.84 83.14 -6.04 8471 -0.79 9211 194 59.82 0.00

GPT-4V [2] 7573 -419| 7761 -0.68 7546 -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 7229 -9.63 7420 194 7947 283 848 0.00
Claude 3 Haiku [5] 65.33 0.25 | 7222 235 6945 -053 5987 -196 70.26 541 8.04 0.00
Claude 3 Opus [5] 7393 238 | 7869 307 7646 277 7038 -0.10 8211 853 26.79 0.00
Reka Core [73] 60.03 443 | 6156 266 6294 1242 7038 -0.87 70.00 4.28 10.71 0.00
Reka Flash [73] 59.00 255 |6049 -090 6043 1184 70.70 -1.82 71.84 197 7.14 0.00
Qwen VL Max [7] 50.50 9.02 | 5415 3.73 4591 1750 63.69 1254 59.74 6.03 446 0.00
Reka Edge [73] 36.53 293 | 4100 435 3205 372 5127 -089 3263 -209 491 0.00
Gemini 1.0 Pro [78] 62.40 802 |6837 040 5876 1953 70.06 7.46 70.00 952 893 0.00
Qwen VL Plus [7] 3473 580 |36.68 335 2705 913 5860 237 3868 658 223 0.00

Open-Source Multimodal Large Language Models

InternVL Chat V1.5 [12] 63.07 457 | 6837 -1.26 68.78 1583 68.15 352 6289 9.83 580 0.00

MGM HD Yi 34B [49] 51.30 -1.35|5361 -0.25 5526 030 56.69 275 6053 -497 223 0.00
IXC2 4KHD [17] 54.83 0.18 | 60.08 -1.01 5342 -066 6274 294 5842 689 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 5895 284 580 0.00
MGM HD Llama3 8B [49] | 44.23 -0.10| 50.78 1.37 3356 -534 5318 -2.80 53.16 2.07 179 0.00

IXC2 [16] 29.70 -9.00| 2751 -6.59 26.04 -17.38 50.00 -2.93 4132 -540 580 0.00
MiniCPM-V2 [31] 29.23 -6.25| 3594 -3.80 1352 -22.07 4395 -0.58 29.74 332 536 0.00
IDEFICS 2 [41] 35.07 230 |36.48 0.36 2871 143 46.82 356 4868 7.85 312 0.00
IDEFICS 2 Chatty [41] 29.63 -11.92| 37.69 2.81 10.68 -43.88 3599 -8.28 36.32 -9.31 6.70 0.00
MoAl [42] 2757 -1.11|26.90 -430 2120 0.05 4204 158 40.00 0.04 759 0.00
DeepSeek VL [59] 4517 -0.60| 48.01 -1.04 4190 -3.30 5955 -0.76 51.05 826 491 0.00
SPHINX V2 [21] 26.27 -3.91|30.07 -552 1452 -961 2357 -595 46.58 553 1.79 0.00

LLaVA 1.6 Mistral 7B [55] | 29.77 -5.46 | 30.28 -4.24 2654 -7.12 33.76 -8.73 4211 -6.808.48 0.00
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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 dascriptive questionsBold number represents best performance
in-class (open-source or proprietary).

Model Line Scatter Bar  Others Heat- Area Box Histo- Density Contour
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-40 [2] 85.83 80.85 8257 77.04 8257 83.04 8295 8221 80.00 84.26
GPT-4V [2] 8157 78.06 7752 75.16 74.08 77.68 77.84 7885 78.75 69.44
Claude 3 Sonnet [5] 77.78 7194 7248 65.88 6193 7455 7216 75.00 73.12 58.33
Claude 3 Opus [5] 7495 70.21 72.02 6289 56.19 7232 6761 7452 77.50 60.19
Claude 3 Haiku [5] 70.14 6237 5894 56.13 5757 6830 55.68 6538 64.38 59.26
Reka Flash [73] 56.48 53.86 52.29 5252 5298 53.12 51.70 53.37 53.12 50.93
Reka Core [73] 55.93 54.12 5849 47.33 50.23 51.79 5341 5481 55.00 48.15
Gemini 1.0 Pro [78] 54.86 52.79 49.54 5252 5092 53.12 50.00 54.33 56.25 52.78
Qwen VL Max [7] 42.64 3737 4197 3506 3830 37.50 38.07 33.17 40.00 29.63
Reka Edge [73] 3537 3191 3050 2830 30.73 3393 2557 3413 36.88 26.85
Qwen VL Plus [7] 30.32 27.13 2752 25.63 2248 2857 2841 30.77 30.00 23.15

Open-Source Multimodal Large Language Models
InternVL Chat V1.5 [12] 60.79 5492 56.19 53.14 47.25 62.05 55.68 6250 60.62 55.56

IXC2 4KHD [17] 61.02 53.06 46.33 44.18 45.64 59.38 5284 5529 54.38 45.37
MGM HD Yi 34B [49] 55.42 49.20 50.46 46.86 45.64 51.34 4432 5337 53.75 42.59
LLaVA 1.6 Yi 34B [55] 55.05 48.67 4450 4575 41.74 5357 4375 4952 46.25 37.96
DeepSeek VL [59] 49.26 4295 40.14 36.79 37.61 4420 39.20 4423 46.88 35.19
MGM HD Llama3 8B [49] 45.42 39.63 4450 4277 40.83 47.32 39.77 43.75 45.00 39.81
IDEFICS 2 Chatty [41] 4255 39.76 38.30 3821 37.16 45.09 3580 4231 43.75 41.67
IXC2 [16] 4157 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 2890 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 3050 2752 33.04 2841 2885 3125 25.00
SPHINX V2 [21] 3241 28.72 26.38 2893 2248 29.46 26.14 2596 30.62 20.37
MoAl [42] 28.89 2580 23.39 3097 2752 2589 30.11 2500 34.38 26.85

H.2 Reasoning Question Results on Validation Set

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

Model Line Scatter Bar  Others Heat- Area Box  Histo- Density Contour
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-40 [2] 4593 39.89 45.87 5094 51.38 4821 38.64 51.92 55.00 51.85
GPT-4V [2] 39.81 30.32 2294 36.48 41.28 42.86 27.27 40.38 35.00 44.44
Claude 3 Sonnet [5] 33.15 2766 1835 33.33 33.03 3571 31.82 26.92 35.00 25.93
Claude 3 Haiku [5] 3444 26.06 17.43 39.62 29.36 26.79 27.27 34.62 37.50 22.22
Claude 3 Opus [5] 29.44 2287 2294 3459 41.28 3214 2273 2885 32.50 29.63
Reka Core [73] 28.89 21.81 2294 30.82 31.19 2321 2500 34.62 35.00 37.04
Reka Flash [73] 2574 21.28 20.18 26.42 26.61 25.00 27.27 21.15 27.50 14.81
Qwen VL Max [7] 2556 2234 1835 22.01 2477 2143 25.00 25.00 2250 29.63
Reka Edge [73] 23.33 18.62 17.43 2390 2294 17.86 2045 3269 35.00 29.63
Gemini 1.0 Pro [78] 23.70 2394 1651 2642 1560 26.79 13.64 26.92 30.00 25.93
Qwen VL Plus [7] 16.11 1223 826 16.35 21.10 17.86 13.64 1154 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 2181 2202 2264 1835 17.86 1591 2885 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 1887 19.27 17.86 22,73 17.31 30.00 22.22
MGM HD Llama3 8B [49] 19.07 1543 14.68 1950 20.18 17.86 18.18 19.23 22.50 3.70

IXC2 [16] 1556 1489 1835 15.09 2936 1250 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 1560 1950 15.60 14.29 11.36 13.46 7.50 14.81
IDEFICS 2 Chatty [41] 16.85 12.77 16,51 20.75 1835 17.86 1591 17.31 10.00 18.52
MoAI [42] 1537 1596 13.76 16.98 27.52 16.07 9.09 1154 20.00 11.11
DeepSeek VL [59] 16.30 16.49 1468 15.09 1835 16.07 1591 19.23 17.50 18.52
SPHINX V2 [21] 1759 13.83 11.01 1195 1743 1429 6.82 1731 1250 18.52

LLaVA 1.6 Mistral 7B [55] 14.07 11.70 11.93 1195 13.76 10.71 6.82 15.38 12.50 11.11
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| Relationship Between Response Length and Correctness

Figure 7: Relationship between models' generation length and correctness on reasoning questions.
We use GPT-40 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 @999992 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-40 [2] gpt-40-2024-05-13 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] gwen-vl-max 0 1* 42
Reka Edge [73] reka-edge-20240208 1024 0 1
Qwen VL Plus [7] gwen-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] internim/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] internim/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 @72 672 MoAl uses additional vision encoders as verbalizers. Charts in
CharXiv have an average size@6 702and the max size df024 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-40 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
MoAl 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-40 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 GPPJ4€[aude 3

Sonnet §], InternVL Chat V1.5 [L6], and MGM HD Yi 34B [49] respectively. TP: both human and
GPT-40 rate the response as correct. FP: human rates the response as incorrect, but GPT-40 rates it as
correct. FN: human rates the response as correct, but GPT-40 rates it as incorrect. TN: both human
and GPT-4o rate the response as incorrect. F1: the corresponding F1 score.

A ® © O
TP 39 36 28 21
FP 1 0 1 0
FN o o0 1 o0
TN 10 14 20 29
F1 099 100 0.97 1.00

Table 18: Descriptive Questions
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A ® © O
TP 24 14 18 14
FP o 1 0 o0
FN 1 1 0 0
TN 25 34 32 36
F1 098 093 1.00 1.00

Table 19: Reasoning Questions
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