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Abstract

Large language models (LLMs) have obtained promising results in
mathematical reasoning, a foundational human intelligence skill.
Most previous studies focus on improving or measuring the perfor-
mance of LLMs via textual math datasets (e.g., MATH, GSM8K). Re-
cently, a few researchers released English multimodal math datasets
(e.g., MATHVISTA and MATH-V) to evaluate the effectiveness of
large multimodal models (LMMs). In this paper, we release a Chi-
nese multimodal math (CMM-Math) dataset, including benchmark
and training parts, to evaluate and enhance the mathematical rea-
soning of LMMs. CMM-Math contains over 28,000 high-quality
samples, featuring a variety of problem types (e.g., choice, fill-in-
the-blank, analysis) with detailed solutions across 12 grade levels
from elementary to high school in China. The problem may con-
tain multiple images, and the visual context may be present in the
questions or opinions, which makes this dataset more challenging.
Our comprehensive analysis reveals that state-of-the-art LMMs on
the CMM-Math dataset face challenges, emphasizing the necessity
for further improvements in LMM development. We also propose
a Multimodal Mathematical LMM (Math-LMM) to handle the prob-
lems with mixed input of multiple images and text segments. The
Math-LMM is trained using three stages: foundational pre-training,
foundational fine-tuning, and mathematical fine-tuning. The ex-
tensive experiments indicate that our model effectively improves
math reasoning performance by comparing it with the SOTA LMMs
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over three multimodal mathematical datasets. We will release the
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Supplementary Materials
This supplementary materials are organized as follows.

e In Section A, we provide more details about the dataset,
covering manual inspection and correction, data labeling
standards, classification of question types, and subjects de-
scriptions.

e In Section B, we present additional content for the experi-
ment, including evaluation prompt design and the perfor-
mance outcomes of LLMs across different mathematical sub-
jects.

A Dataset Details
Table 1 presents the detailed statistical results of the dataset.

Table 1: Detailed statistics of CMM-Math datasets.

Statistic #Evaluation #Training #Total
Total problems 5,821 22,248 28,069
Total images 3,794 11,419 15,213
Total detailed solutions 5,204 18,621 23,825

Images in questions
Images in answers

2,144(56.51%) 7,346(64.33%) 9,490(62.38%)
1,650(43.49%) 4,073(35.67%) 5,723(37.62%)

Type 4 4 4
- Choice 2,222(38.17%)  8,618(38.74%) 10,840 (38.62%)

- fill-in-the-blank 1,668(28.65%) 6,382(28.69%) 8,050(28.68%)
- Yes-no 18(0.31%) 88 (0.40%) 106(0.38%)

- Analysis 1,913(32.86%) 7,170(32.23%) 9,083 (32.36%)
Level 12 12 12

- Level-1 319(5.48%)  1,180(5.30%)  1,499(5.34%)
- Level-2 439(7.54%)  1,648(7.41%)  20,87(7.44%)
- Level-3 444(7.63%)  1,680(7.55%)  2,124(7.57%)
- Level-4 574(9.86%)  2,210(9.93%)  2,784(9.92%)
- Level-5 534(9.17%)  1939(8.72%)  2,473(8.81%)
- Level-6 463(7.95%)  1,783(8.01%)  2,246(8.00%)
- Level-7 458(7.87%) 1,751(7.87%)  2,209(7.87%)
- Level-8 361(6.20%)  1,372(6.17%)  1,733(6.17%)
- Level-9 493(8.47%)  1,900(8.54%)  2,393(8.53%)
- Level-10 587(10.08%)  2,284(10.27%) 2,871(10.23%)
- Level-11 646(11.10%)  2,512(11.29%) 3,158(11.25%)
- Level-12 503(8.64%)  1,989(8.94%)  2,492(8.88%)
Subjects 13 13 13

707(12.15%)
738(12.68%)

2,756(12.39%)  3,463(12.34%)
2,876(12.93%)  3,614(12.88%)

- Analytic Geometry
- Metric Geometry

- Solid Geometry 546(9.38%)  2,092(9.40%)  2,638(9.40%)
- Arithmetic 1,999(34.34%)  7,855(35.31%)  9,854(35.11%)
- Algebra 676(11.61%)  2,640(11.87%) 3,316(11.81%)
- Counting 407(6.99%)  1,546(6.95%)  1,953(6.96%)
- Transformation Geometry 85(1.46%) 274(1.23%) 359(1.28%)

- Graph Theory 26(0.45%) 44(0.20%) 70(0.25%)

- Combinatorial Geometry — 140(2.41%) 495(2.22%) 635(2.26%)

- Combinatorics 217(3.73%) 747(3.36%) 964(3.43%)

- Logic 127(2.18%)  416(1.87%)  551(1.96%)

- Descriptive Geometry
- Statistics

135(2.32%)
18(0.31%)

465(2.09%)
42(0.19%)

603(2.15%)
60(0.21%)

A.1 Data Labeling Standards

We hired 12 human annotators to inspect and correct the questions.
We paid each annotator ¥0.5 per question for inspection and ¥3
per question for correction. To ensure the accuracy of the question
information, we conducted two rounds of inspections and one round
of review (after correction) for each question.

A.2 Manual Inspection and Correction

During the data cleaning phase, we check and correct issues related
to text and image recognition. Figure 1 provides examples of errors
in text and image recognition when converting PDFs to Markdown
format. In the examples of text incorrectly identified as images,
2025-05-31 12:38. Page 1 of 1-4.

typical errors involve text containing special symbols or formulas,
leading to these elements being misidentified as images. Addition-
ally, some images were incorrectly recognized as text, resulting in
garbled characters in the text. We asked human annotators to check
and manually correct these errors.

D T @ LRMBILE [ | #OSHT, Sowed [ .
Ti.1, 9.6+(1-80%) =48 5t 2, 2.07+(1+15%)=1.8(Jt) 3.(20828.8-2000)
10, FRNWIFHER, mu—w—a('”":%;*")k%ﬂ )

Examples of images incorrectly identified as text

Lo e b o ~ e |

Figure 1: Examples of text and image recognition errors.

A.3 Classification of Question Types

Since the original materials come from real-world scenarios, the
questions cover a variety of types, including single-choice, multiple-
choice, fill-in-the-blank, true/false, analysis, calculation, problem-
solving, and application. These questions were mapped to our de-
fined question types to facilitate subsequent evaluation and test-
ing. Specifically, single-choice and multiple-choice questions were
mapped to multiple-choice questions to allow for comparing model
performance using accuracy. Analysis, calculation, and problem-
solving questions were mapped to Analysis questions to evaluate
model output using the GPT-4 Score. Meanwhile, the types of fill-
in-the-blank and true/false questions were retained. Therefore, our
CMM-Math actually features a more diverse range of question

types.

A.4 Subjects Descriptions

We designed 13 subjects, referencing MATH-V [9], including logic,
algebra, counting, arithmetic, combinatorics, graph theory, topol-
ogy, statistics, solid geometry, metric geometry, analytic geometry,
descriptive geometry, combinatorial geometry, and transformation
geometry. Detailed descriptions of these subjects can be found in the
appendix of MATH-V [9]. Unlike MATH-V [9], we did not subdivide
metric geometry because we found it difficult to finely categorize
metric geometry into metric geometry - angle, metric geometry -
area, and metric geometry - length subjects in CMM-Math.

B Experiment Details

B.1 Evaluation Prompt Design

In our experiments, we designed three prompt formats: zero-shot
and 3-shot prompt templates for obtaining model outputs, and a
scoring prompt template for calculating the GPT-4 score metric to
evaluate fill-in-the-blank and analysis problems.

The zero-shot and 3-shot prompts are designed as shown in
Figure 2. Since the questions of CMM-Math are in Chinese, we
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233 Table 2: Comparison of model performances in accuracy across 13 mathematical subjects. Alg: algebra, AnaG: analytic geometry, 201
234 Ari: arithmetic, CombG: combinatorial geometry, Comb: combinatorics, Cnt: counting, Desc: deseriptive geometry, GrphT: 292
235 graph theory, Log: logic, MetG: metric geometry, SolG: solid geometry, Stat: statistics, TransG: transformation geometry. 293
236 294
237 Models | Overall | Alg AnaG  Ari  CombG Comb Cnt Desc GrphT Log MetG SolG  Stat TransG 205
238 Open-source LMMs 296
2 CogVLM2 2585 | 2194 2522 2476 2885 2468 2654 2979 4444 1905 3379 2336 4545 2558 o7
240 InternLM-VL 19.82 | 21.94 2638 20.68  21.15 12.99  16.67 19.15  0.00 9.52 2048 1215 2727  13.95 298
241 Qwen2-VL-Instruct 43.04 36.45 42.03 50.65 36.54 40.26  45.68  27.66 44.44 39.68 4334 37.85 4545 37.21 299
242 LLaVA-v1.5 18.08 15.16 13.91 21.82 15.38 18.18 1296  21.28 22.22 12.70  19.45 19.16  36.36 25.58 300
43 LLaVA-v1.6-mistral 16.83 17.10 16.52 22.31 7.69 11.69 10.49 8.51 0.00 19.05 13.99 1542  27.27 16.28 101
) CogVLM2 (3-Shot) 31.21 30.97 28.12  32.57 32.69 24.68 30.25  29.79 22.22 2540 36.18 30.84 4545 27.91 »
2 InternLM-VL (3-Shot) 2509 | 29.03 30.14 2476 1538  27.27 2593 1277 000 2698 2457 17.76 9.09 2558 302
245 Qwen2-VL-Instruct (3-Shot) 46.29 37.42  40.58 53.42 46.15 40.26 56.17 36.17 33.33 46.03 49.15 40.19 54.55 51.16 303
246 LLaVA-v1.5 (3-Shot) 19.69 19.03 14.20 28.66 3.85 23.38 21.60 14.89 11.11 1587 14.68 1636 4545 2.33 304
247 LLaVA-v1.6-mistral (3-Shot) 21.88 22.26 17.97  32.25 5.77 20.78 22.22 4.26 11.11 28.57 15.70 13.55 27.27 16.28 305
248 Math-LMM (Ours 7B) 32.10 26.13 29.86  36.64 28.85 32.47 35.19  27.66 33.33 30.16 35.15 28.04 36.36 25.58 306
249 Math-LMM (Ours 72B) 48.57 48.06 4435  60.59 32.69 50.65 53.70 17.02 22.22 57.14 44.03 3598 63.64 27.91 307
20 Closed-source LMMs 308
251 309
252 Qwen-VL-Max 49.91 49.68 48.12  60.59 44.23 50.65 5494 21.28 11.11 50.79  42.66 36.45 63.64 51.16 310
. Gemini 41.88 36.77 37.97 55.37 26.92 37.66 48.15 3191 33.33 26.98 37.54 32.71 5455 25.58 )
253 GPT-40 29.02 26.13 28.41 35.67 26.92 20.78 32.10 25.53 33.33 28.57 2457 2196 18.18 37.21 s
254 Qwen-VL-Max (3-Shot) 64.91 70.00 63.19 74.43 50.00 66.23 69.75  21.28 44.44 73.02  54.61 57.01 63.64 53.49 312
255 Gemini (3-Shot) 41.65 38.71 35.07 54.07 19.23 31.17 51.85  27.66 44.44 4444 36.18 30.84 54.55 44.19 313
256 GPT-40 (3-Shot) 65.98 62.90 59.71 82.57 46.15 66.23 72.84 4043 77.78 68.25 59.04 47.66 81.82 55.81 314
257 Mean accuracy of LMMs | 35.66 | 33.87 3343 4288 27.14 33.33 38.17  23.17 27.16 3457 33.62 28.74 4444 31.27 315
258 316
259 . . . . . 317
o Zero-Shot Prompt is used to compare with the standard information to obtain the s
N “h i = N score. We will subsequently open-source the related evaluation )
User: B —5— S MRINE, AHRAEEIRE Y e
» S A\ 2R\ code along with the model and data. 420
263 \{questlon} ) 391
264 3-Shot Prompt /Prompt: A 3
265 Please, as a rigorous and impartial mathematical referee, conduct a 323
266 User: {Zero-Shot Prompt} x 3 comprehensive. evaluation of the Chinese mathematical 'problgm §olulions 324
w6 Assistant: {standard answer} provided by this language njodgl (Model A). The evaluatlc?n criteria are the 295
accuracy, completeness, logicality, and depth of understanding of the answer.
268 . . You will receive standard answers and explanations, as well as answers to 326
L . S = = 5
269 User:15 965—5 SUFREE, HHEAERIEE Model A. Please note: objectivity and fairness: avoid subjective factors such as 327
FREA"RAER\"F: model name, answer length, or other factors affecting the rating. )
270 \{question} / Comprehensive evaluation: Compare the model answer with the standard 328
271 answer and analyze the reasons. Avoid bias: It is not advisable to set 329
279 preferences for the model in advance. Format specification: Please strictly 330
s Figure 2. Prompts for evaluation. output the final rating in the following format: Model A rating: [1-10 points] .
274 [Question] 332
{question} {options}
7 . . [Standard answer] 3
276 designed the prompts to be in Chinese as well. The zero-shot prompt {answer} {analysis} 334
277 instructs the model to: Please solve the problem step by step, provide Outout of Model Al fansA 335
278 the final answer, and fill it in the "Final Answer:" field. The 3- \[ utput of Model Al tansA} /) 336
279 shot prompt is similar to the zero-shot prompt but includes three 337
280 rounds of questions (from the user) and standard answers (from the Figure 3: The prompt used for scoring with GPT-4o. 338
281 assistant) in the model’s input history to guide the model towards 339
282 better performance. 340
283 GPT-4o0 [7] is used to calculate the GPT-40 score metric of gen- . . 341
(7] - . & B.2 Detailed Experimental Results of SOTA
284 erated answers by providing the Questions, Standard answers, and 342
285 Outputs of Models. The prompt format we designed is shown in Fig- LLMs on CMM-Math 343
286 ure 3. Here, {question}, {options}, {answer}, and {analysis} represents Tables 2 and 3 present the accuracy and GPT-4o scores of LMMs 344
287 the standard information provided by the test data. The {options}, across 13 mathematical subjects, respectively. These results are used 345
288 will be ignored if the test question is not a multiple-choice question. to compare the performance of LMMs on different mathematical 346
289 {ansA} represents the generated response by the test model, which topics. In addition, Tables 3 and 4 show the GPT-40 scores of LMMs 347

290
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Table 3: Comparison of model performances in GPT-40 score across 13 mathematical subjects.

Models ‘ Overall ‘ Alg  AnaG  Ari CombG Comb Cnt Desc GrphT Log MetG SolG Stat TransG
Open-source LMMs
CogVLM2 2.82 2.60 2.44 3.21 2.81 2.44 2.29 2.05 2.41 2.89 291 241 271 3.36
InternLM-VL 4.48 451 4.02 5.24 2.69 4.28 4.08 2.11 3.82 4.75 4.16 3.78 5.14 3.07
Qwen2-VL-Instruct 5.26 5.73 4.77 6.07 3.81 4.30 4.87 3.69 2.94 4.92 4.71 4.38 7.43 4.00
LLaVA-1.5 2.56 2.46 2.38 2.72 2.45 2.30 2.56 2.51 2.35 2.31 2.37 2.63 3.43 2.90
LLaVA-v1.6-mistral 2.81 2.47 3.35 2.68 2.73 2.60 3.09 3.57 3.71 2.52 2.93 2.61 3.86 3.74
CogVLM2 (3-Shot) 2.72 2.53 2.62 2.94 2.42 2.59 2.65 1.90 2.12 2.84 2.68 2.51 2.57 3.14
InternLM-VL (3-Shot) 4.35 4.58 4.14 5.08 291 4.25 3.73 2.06 3.06 4.44 3.91 3.65 4.71 2.93
Qwen2-VL-Instruct (3-Shot) 4.09 3.83 3.67 4.91 3.61 3.34 3.60 3.26 2.82 3.53 3.75 3.23 5.43 2.95
LLaVA-v1.5 (3-Shot) 3.34 291 3.92 2.74 5.36 2.76 3.23 5.27 3.82 2.95 4.04 3.86 3.43 4.90

LLaVA-v1.6-mistral (3-Shot) 3.78 3.27 4.07 2.94 5.90

3.08 3.51  6.24 4.82 3.27 5.05 502 243 4.83

Math-LMM (Ours 7B) ‘ 2.46 2.19 2.23 2.76 2.40

1.90 1.84 241 2.06 2.62 2.40 2.53 1.43 2.43

Math-LMM (Ours 72B) 4.04 4.25 3.90 4.52 2.80 3.59 3.56 3.26 2.65 4.44 3.74 3.46 7.00 3.24
Closed-source LMMs
Qwen-VL-Max 6.50 6.66 5.80 7.41 4.30 6.07 584  4.65 3.82 6.16 6.12 5.86 6.29 5.07
Gemini 6.02 5.65 5.29 6.72 5.72 5.15 5.32 517 5.47 5.30 6.06 5.71 6.00 5.05
GPT-40 7.94 8.15 7.28 8.65 6.23 7.89 7.70 6.22 7.41 7.56 7.65 7.20 8.00 7.14
Qwen-VL-Max (3-Shot) 6.21 6.52 6.14 6.73 4.74 5.44 5.45 5.74 5.59 6.06 5.96 5.81 4.86 4.81
Gemini (3-Shot) 5.89 5.72 5.41 6.45 5.62 5.49 5.36 5.34 6.18 5.33 5.78 5.41 6.14 5.02
GPT-40 (3-Shot) 7.85 7.99 7.07 8.61 6.12 7.74 7.51 6.31 8.24 7.52 7.46 7.22 8.57 6.90
Mean accuracy of LMMs ‘ 4.62 ‘ 4.56 4.36 5.02 4.03 4.18 4.23 3.99 4.07 4.41 4.54 4.29 4.97 4.19

Table 4: Comparison of model performances in GPT-40 score across different levels. The levels from 1 to 12 correspond to

primary to high school grades. The maximum score is 10.

Models ‘ Overall LvV1 Lv2 LV3 Lv4 LV5 LVe Lv7 Lv8 Lv9 LV10 Lvi1 Lvi2
Open-source LMMs
CogVLM2 2.82 2.96 3.66 3.52 2.99 2.29 2.90 2.46 3.05 2.37 2.43 2.45 2.43
InternLM-VL 4.48 4.05 5.54 5.27 4.90 4.20 5.12 4.00 4.03 2.60 4.13 4.41 4.35
Qwen2-VL-Instruct 5.26 4.23 5.54 6.07 5.40 5.18 6.05 55 553 4.21 4.99 4.94 4.64
LLaVA-v1.5 2.56 2.51 2.80 2.96 2.76 2.50 2.37 2.66 2.66 2.37 2.43 2.27 2.34
LLaVA-v1.6-mistral 2.81 2.55 2.88 2.94 2.57 243 2.42 2.91 3.36 3.85 3.04 2.68 2.59
CogVLM2 (3-Shot) 2.72 2.73 3.53 3.18 2.78 2.30 2.66 2.35 2.97 231 2.46 2.48 2.74
InternLM-VL (3-Shot) 4.35 3.95 5.46 5.06 4.62 3.77 4.78 3.96 4.05 3.08 4.11 4.31 4.36
Qwen2-VL-Instruct (3-Shot) 4.09 3.94 4.99 4.94 4.28 3.82 4.73 3.75 4.06 3.28 3.61 3.49 3.47
LLaVA-v1.5 (3-Shot) 3.34 2.75 2.75 3.10 2.70 3.14 2.49 3.77 4.89 5.79 3.75 2.88 3.42
LLaVA-v1.6-mistral (3-Shot) 3.78 3.27 3.28 3.50 3.30 3.86 2.62 3.78 5.67 6.23 4.31 3.05 3.73
Math-LMM (Ours 7B) 2.46 2.27 3.17 2.95 2.97 2.40 1.83 2.16 2.67 2.16 2.13 2.26 2.11
Math-LMM (Ours 72B) 4.04 3.61 4.66 4.52 3.71 3.97 4.49 3.81 3.84 3.64 4.00 3.93 3.86
Closed-source LMMs
Qwen-VL-Max 6.50 5.91 7.30 7.54 7.11 6.61 7.02 6.1 5.91 4.73 6.01 6.18 6.17
Gemini 6.02 6.30 6.85 6.83 6.46 5.75 6.40 5.67 6.46 5.01 5.42 4.96 5.62
GPT-40 7.94 7.44 8.70 8.76 8.34 8.04 8.30 7.83 7.65 6.44 7.67 7.48 7.74
Qwen-VL-Max (3-Shot) 6.21 5.66 6.70 6.43 6.18 6.12 6.91 6.00 5.72 5.50 5.67 6.57 6.51
Gemini (3-Shot) 5.89 5.83 6.54 6.47 6.06 5.44 6.26 5.51 6.59 5.36 5.77 5.21 5.44
GPT-4o0 (3-Shot) 7.85 7.27 8.53 8.63 8.45 8.09 8.36 7.87 7.65 6.06 7.48 7.22 7.46
Mean accuracy of LMMs ‘ 4.62 ‘ 4.29 5.16 5.15 4.75 4.44 4.76 4.45 4.82 4.17 4.41 4.26 4.39

after evaluation by GPT-40. These scores are used to further analyze
the models’ performance on short-answer questions.

Comparisons Across Different Subjects. Most LMMs excel in arith-
metic and statistics but show limited proficiency in geometry (see
Appendix). We can observe that the mean accuracy of all LMMs
across all subjects is 35.66, with LMMs achieving an accuracy ex-
ceeding 40 in arithmetic and statistics. In contrast, in geometry,
including analytical, combinatorial, descriptive, metric, and trans-
formation geometry, the accuracy of LMMs is below 35.66, with
the worst performance at 23.17 for descriptive geometry.

Disparity Between Accuracy and GPT-4o Score. When comparing
the performance of LMMs in both accuracy and GPT-4o score, we
observe that closed-source models maintain consistent performance
while open-source models show inconsistencies. Specifically, GPT-
4o consistently ranks highest, while Gemini ranks lowest. CogVLM2
has higher accuracy than InternLM-VL but is lower on the GPT-40
score. This discrepancy may arise from differences in the training

2025-05-31 12:38. Page 3 of 1-4.

data distribution, where the datasets might focus more on choice
and yes-no questions while lacking materials for problem-solving
and analytical tasks. Moreover, this inconsistency could also result
from insufficient training data, leading to models that obtain correct
answers but struggle to provide high-quality analytical processes.
This highlights that our CMM-Math, unlike other math test sets
that offer only choice questions, provides a more comprehensive
evaluation of models’ analytical and problem-solving abilities.

Conversely, regarding the GPT-40 score, most models perform
better with zero-shot prompting than with few-shot prompting,
except for the LLaVA-v1.5 and LLaVA-v1.6-mistral. This suggests
that few-shot prompting does not necessarily lead to higher-quality
outputs. Our view is that the content of few-shot prompts may
influence how models conduct their own analysis and reasoning,
potentially leading to poorer performance.

Furthermore, regarding the GPT-4o score, we notice that Math-LMM

achieves only ordinary results, while Qwen2-VL-Instruct obtains
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Table 5: Comparison of model performances on MATH-V across various mathematical subjects. Alg: algebra, AnaG: analytic
geometry, Ari: arithmetic, CombG: combinatorial geometry, Comb: combinatorics, Cnt: counting, DescG: descriptive geometry,
GrphT: graph theory, Log: logic, Angle: metric geometry - angle, Area: metric geometry - area, Len: metric geometry-length,
SolG: solid geometry, Stat: statistics, Topo: topology, TransG: transformation geometry.

Model \ Overall \ Alg AnaG Ari  CombG Comb Cnt DescG GrphT Log Angle Area Len SolG Stat Topo TransG
Open-source LMMs
LLaVA-v1.5-7B 8.52 7.00 7.10 10.70 7.10 480 10.50 7.70 10.00 9.20 15.60 10.20 9.80 530 8.60 4.40 4.80
SPHINX (V2) 9.70 6.70 7.10 12.90 7.50 7.70 6.00 9.60 16.70 10.10 11.00 11.80 12.50 8.20 8.60 8.70 6.00
ShareGPT4V-7B 10.53 5.50 3.60 12.90 10.10 4.80 7.50 11.50 14.40 1090 16.20 11.80 1230 9.80 1550 17.40 11.30
LLaVA-v1.5-13B 11.12 7.00 1430 14.30 9.10 6.60 6.00 13.50 5.60 13.50 1040 12.60 14.70 11.50 13.80 13.00 10.70
ShareGPT4V-13B 11.88 7.50 15.50 = 16.40 10.70 8.90 9.00 11.50 8.90 7.60 11.60 13.00 17.40 10.30 8.60 8.70 12.50
SPHINX-MoE 14.18 7.80 17.90 14.30 15.60 9.50 11.90 12.50 15.6 12.60 16.20 1560 17.80 13.50 12.10 8.70 16.10
InternLM-VL 14.54 930 1550 12.10 15.30 11.30 10.50 14.40 2220 1930 19.70 156 15.00 11.90 15.50 26.10 15.50
Math-LMM (Ours 7B) 11.58 7.30  8.30 10.70 14.00 7.10 7.40  16.40 1220  9.20 1450 10.60 1490 9.00 8.60  26.10 16.70
Math-LMM (Ours 72B) | 17.53 | 10.70 28.60 15.00 20.10 11.30 11.90 15.40 16.70 21.00 22.50 18.40 20.00 15.60 20.70 8.70 19.60

Closed-source LMMs

Qwen-VL-Plus 10.72 1130 17.90 14.30 12.70 480 10.50 15.40 8.90 1430 11.60 6.40 10.00 1430 6.90 8.70 11.31

Qwen-VL-Max 15.59 10.70 19.10  20.00 16.90 12,50 17.90 16.40 12.20 21.00 1330 1420 19.80 11.50 20.70 13.00 17.30

Gemini Pro 17.66 15.10 10.70  20.70 20.10 11.90 7.50  20.20 21.10 16.80 19.10 19.00 20.00 14.30 13.80 17.40 20.80

GPT-4V 22.76 | 2730 32.10 3570 21.10 16.70 13.40 22.10 1440 16.80 22.00 22.20 20.90 23.80 24.10 21.70 25.60
Human Performance

Human (testmini) ‘ 75.66 ‘ 57.90 79.00 100.00 100.00 47.40 94.70 89.50 63.20 63.20 36.80 52.60 73.70 89.50 89.50 100.00 73.70

the best result of 5.26. This could be because the training data for
Math-LMM is still limited, leading to weaker language expression
and analytical reasoning capabilities.

B.3 Details of the experimental results of
Math-LMM on MATH-V.

We compare our Math-LMM with existing LLMs over MATH-V [9], in-
cluding Qwen-VL-Plus [1], Qwen-VL-Max [1], Gemini Pro [8], GPT-
4V [7], LLaVa-v1.5-7B [5], SPHINX [4], ShareGPT-4V-7B/13B [2],
LLaVa-v1.5-13B [5], InternLM-XComposer2-VL [3], and SPHINX-
MoE [4].

In Table 5, our Math-LMM (72B) achieves the best performance
among in open-source models. Although the Math-LMM (7B) does
not achieve the second-best performance, compared to other open-
source models of the same parameter scale, such as LLaVa-v1.5-
7B [5], SPHINX [4], and ShareGPT-4V-7B [2], Math-LMM (7B) still
achieves the best performance. This may be because MATH-V [9]
is a more challenging test set than MATHVISTA [6], where model
parameter scale has a greater impact on performance. Meanwhile,
among open-source models, Math-LMM almost achieves the best
performance across all 16 subjects, except for the subjects of arith-
metic and graph theory. Notably, compared to closed-source models,
Math-LMM also achieves the best performance among all models on
the subjects of logic, metric geometry-angle, and topology. These
results indicate that Math-LMM also has a certain level of competi-
tiveness on harder English multimodal mathematical problems.
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