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Comparative Evaluation of Chinese Generative AI Models in Solving Curriculum-Aligned Middle School Mathematics Problems


[bookmark: OLE_LINK3]Abstract: Currently, generative artificial intelligence has become an important auxiliary tool for teaching and learning mathematics in middle school. However, there is still a lack of systematic evaluation of Chinese large language models' ability to solve middle school mathematics problems in the academic community. This study selects five mainstream generative AI models (Tencent Yuanbao, Deepseek, Doubao, Kimi, and Wenxin Yiyan) as research subjects and uses 18 middle school mathematics problems covering three modules (algebra, geometry, and probability) as test samples. Comparative analysis was conducted from four dimensions: problem-solving efficiency, result accuracy, solution completeness, and logical rigor. The completeness of problem-solving thinking was evaluated by whether it included full problem-solving steps, reasoning processes and necessary verification procedures, while logical rigor was assessed based on the coherence of problem-solving steps and the rationality of reasoning grounds. The results indicated that the overall problem-solving accuracy of the five models ranged from 61.11% to 77.78%, the completeness of problem-solving thinking from 77.78% to 88.89%, and the logical rigor from 83.33% to 94.44%. The study found that domestic generative artificial intelligence demonstrated outstanding performance in solving algebraic and probability problems, yet exhibited poor performance in geometric problems due to such issues as inaccurate image recognition and incomplete comprehension of test questions. There were significant disparities in the problem-solving capabilities of the five models: Doubao and Tencent Yuanbao delivered well-balanced overall performance with detailed problem-solving processes, whereas each of the other models had its own shortcomings. 
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1. Introduction
With the rapid penetration of artificial intelligence technology in the education field, generative AI-assisted tools have gradually become important aids for student learning and teacher instruction (Hwang & Tu, 2021). Currently, generative AI-assisted tools have quietly entered the teaching practices of many middle school mathematics teachers and the learning processes of many middle school students. Studying the ability of generative artificial intelligence to solve middle school mathematics problems is of great significance and practical value for improving student learning outcomes and optimizing teaching quality. Currently, many scholars have conducted research on generative AI solving mathematics problems, but most relevant achievements focus on foreign models and high-difficulty problem types, while systematic and targeted research on domestic generative AI solving daily middle school mathematics problems is still relatively scarce. Therefore, systematically evaluating the performance of generative AI in solving middle school mathematics problems, clarifying its advantages and limitations, and proposing scientific usage recommendations have important practical significance for regulating the application of generative AI tools in middle school mathematics teaching and improving teaching effectiveness.
[bookmark: OLE_LINK1]2. Literature Review
In current academic research on generative artificial intelligence solving mathematical problems, foreign AI models such as ChatGPT are the most widely used. These studies mainly focus on enabling these intelligent models to solve relatively difficult problems, such as the Korean College Scholastic Ability Test and the USA Mathematical Olympiad, but the results obtained are inconsistent.
[bookmark: _Hlk223040384]Sejun Oh (2024) evaluated the performance of o1-preview and GPT-4o using mathematical questions from the Korean College Scholastic Ability Test. The results showed that o1-preview achieved an average accuracy rate of 81.52%, close to that of top human test-takers; GPT-4o had an average accuracy rate of 49.46% and performed better in objective questions. The study also pointed out that the model's reasoning process is highly similar to human problem-solving logic (Oh, 2024). Candace Walkington (2025) points out that GenAI programs such as ChatGPT can take a wide variety of mathematics problems and not only generate an answer to these problems, but also give a detailed explanation of how to get to the answerMoreover, GenAI exhibits a graded improvement in its mathematical problem-solving capabilities across different versions: GPT-4 scores at the 89th percentile on the Mathematics section of the SAT and earns a score of 4 out of 5 on the AP Calculus BC exam, while GPT-o1 achieves an 83% accuracy rate on the qualifying exam for the Mathematics Olympiad (Walkington, 2025).
However-Ivo Petrov et al. (2025) evaluated the performance of multiple mainstream models in the 2025 USA Mathematical Olympiad. The results showed that Gemini-2.5-Pro achieved a score of 25%, most other models scored below 5%, and only a few models scored between 5% and 10%. The study indicated that all tested models generally fail to construct rigorous logical proof chains, especially performing extremely poorly in problems requiring abstract reasoning and multi-step argumentation. Ivo Petrov's research demonstrated that generative AI is still far from reaching human levels in the most difficult mathematical reasoning tasks, and logical proof ability is a core shortcoming of current models (Petrov et al., 2025). Ramanathan & Palaniappan (2024) selected three mainstream models—ChatGPT, Bard, and Llama 2—using middle school math word problems as test objects to compare their suitability as tutoring assistants. They found that ChatGPT was significantly ahead in the comprehensive solution task but lacked proficiency in controlling the difficulty of exercise creation; Bard scored the highest in exercise creation but performed the worst in hint generation due to its tendency to reveal answers; Llama 2 excelled in the concealment of hint generation but had extremely poor comprehensive problem-solving ability (Ramanathan & Palaniappan, 2024). Iman Mirzadeh et al. (2024) proposed the GSM-Symbolic dataset and evaluation method specifically to analyze the limitations of models in symbolic mathematical reasoning. The study found that model performance fluctuates significantly when facing questions with the same template but different numerical values—changing only the numerical values can lead to a decrease in accuracy, and the models are highly sensitive to changes in question structure. The study pointed out that the core reason for this performance fluctuation is that models rely on pattern matching in training data rather than a deep understanding of mathematical concepts, resulting in poor performance in unseen numerical instances and question structures (Mirzadeh et al., 2024). Zhang & Graf (2025) systematically analyzed the errors of large language models in basic mathematical tasks such as arithmetic, algebra, and number theory. The study found that models not only make mistakes in complex reasoning but also frequently err in simple steps, such as addition, subtraction, multiplication, and division errors in arithmetic, and symbol expansion and equation transformation errors in algebra. Even if the final answer is correct, the reasoning process may have logical gaps and fail to form a complete and rigorous derivation chain (Zhang & Graf, 2025). Yan Liu et al. (2025) constructed the FineMath benchmark dataset, covering 17 types of elementary school math word problems annotated with difficulty levels based on the number of reasoning steps. The study tested GPT-4, GPT-3.5-Turbo, and 8 Chinese large models. The results showed that GPT-4 led with an overall accuracy rate of 73%; among Chinese large models, only 4 models (such as MathGLM-10B and ChatGLM2-6B) achieved an accuracy rate exceeding 40%, while some models had an accuracy rate of less than 10% due to the lack of RLHF fine-tuning or insufficient training data. The performance of all models declined as the number of reasoning steps increased, and prompt design and evaluation formats significantly affected the results (Liu et al., 2025). Daher & Gierdien (2024) pointed out in their study that ChatGPT is prone to errors in solving mathematical problems. Moreover, it generates content solely based on online information and is unable to comprehend mathematics through practical operations. Thus, it is entirely unsuitable for students' independent learning and may easily lead to or reinforce students' mathematical misconceptions. (Daher & Gierdien, 2024)
In addition to the above two perspectives, some studies have focused on dataset construction and technical optimization to improve model performance. Wei Du et al. (2025) constructed the Nemotron-Math dataset containing 7.5 million mathematical reasoning trajectories and proposed a bucketed training strategy that allocates computing resources according to the length of reasoning text, increasing training speed by 2-3 times. Models trained on this dataset can efficiently handle long reasoning chains, achieving 100% accuracy in the high-reasoning + Python TIR configuration of the AIME24 and AIME25 competitions, and demonstrating outstanding reasoning performance in multiple mathematical fields such as algebra, geometry, and number theory (Du et al., 2025). Iddo Drori et al. (2022) proposed a neural network method combining program synthesis and few-shot learning, enabling models to solve, explain, and generate university-level mathematical problems. The model reached human-level performance in problem solving from courses such as single-variable calculus and linear algebra, capable of generating verifiable reasoning processes and code implementations, and verifying the accuracy of problem-solving results through program execution (Drori et al., 2022). Zong & Krishnamachari (2023) studied the performance of GPT-3 in math word problems involving systems of equations. The results showed that through appropriate prompt engineering and a small amount of parameter fine-tuning, the model achieved a high accuracy rate in such questions, significantly outperforming the basic model without prompt optimization (Zong & Krishnamachari, 2023). Mahran & Simbeck's (2025) research, through multilingual math problem testing, found that mainstream models have significant linguistic bias, with an average accuracy drop of 23.7% in non-English contexts. Even though Chinese and English are both high-resource languages, models still have obvious shortcomings in adapting to Chinese mathematical terminology, which puts forward differentiated requirements for the localized application of domestic models (Mahran & Simbeck, 2025).
It can be seen that current research on generative AI solving mathematical problems is not yet comprehensive, and studies specifically analyzing domestic AI tools for solving daily middle school math problems are very scarce. Domestic AI tools are currently the most common and widely used by middle school students in China. Meanwhile, middle school math problems are something that current middle school students face every day, and these problems are becoming increasingly difficult, putting unprecedented pressure on current middle school students. Based on this, this paper focuses on the adaptability of domestic generative AI to daily middle school math problem-solving. Through multi-dimensional and multi-model comparative testing, it fills the gaps in existing research and provides empirical evidence for teachers and students to scientifically select and use relevant tools.
3. Research Methods
[bookmark: OLE_LINK2]3.1 Test Subjects
This study selected five Chinese generative AI models widely used in the current Chinese market and covering different technical backgrounds and development entities as test subjects, specifically including: Tencent Yuanbao, Deepseek, Doubao, Kimi, and Wenxin Yiyan. The selected test subjects cover different technical backgrounds and development entities, can comprehensively reflect the overall level of Chinese generative AI in solving middle school mathematics problems, and have good representativeness and universality.
3.2 Test Problem Design
Referring to the "Compulsory Education Mathematics Curriculum Standards (2022 Edition)", 18 typical middle school mathematics problems were selected as test tools, covering three core modules: algebra, geometry, and probability, with 6 problems of each type. The problem difficulty gradient was reasonably distributed, including both basic concept application problems and comprehensive logical reasoning problems, comprehensively examining the problem-solving ability of generative AI in different knowledge dimensions and difficulty levels. Specific problems are attached.
3.3 Test Instructions and Standards
A unified test command was released to Tencent YuanBao, DeepSeek, Doubao, Kimi and ERNIE Bot, which is as follows: "Please help me solve this mathematics problem, provide the complete problem-solving process and thinking process, and write the solution steps using standardized middle school mathematics knowledge." During the testing process, the problem-solving time, answer correctness, solution completeness, and logical rigor of each generative AI were recorded, establishing a multi-dimensional evaluation system:
1. Problem-solving Efficiency: Measured by the time from issuing the instruction to obtaining the complete response;
2. Result Accuracy: Determine whether the solution result is correct against the standard answer and analyze error causes;
3. Solution Completeness: Evaluate whether the complete solution steps, thinking process, and necessary verification steps are included;
4. Logical Rigor: Examine the coherence of solution steps and the rationality of reasoning basis.
3.4 Data Collection and Analysis
With various generative artificial intelligence models as the experimental test objects and core data output subjects, the original results of their problem-solving were collected through manual entry, a database was established, and a combined method of quantitative statistics and qualitative analysis was adopted. Quantitative statistics were conducted on the accuracy rates and average problem-solving times of different models in various problem types; qualitative analysis was conducted on solution completeness and logical rigor, summarizing the advantages and disadvantages of each model.
4. Results Analysis
4.1 Problem-solving Efficiency
In terms of problem-solving time, Doubao and Kimi had the shortest time, Tencent Yuanbao ranked third, Wenxin Yiyan took relatively longer, and Deepseek took the longest. Specifically, when solving algebra problems, Tencent Yuanbao, Doubao, and Kimi responded quickly, Wenxin Yiyan was slightly slower, and Deepseek responded slowly. Moreover, when Deepseek solved the fifth algebra problem, it took far longer than other AI models. When solving the first geometry problem, Doubao and Kimi's problem-solving speed far exceeded other AI models, responding relatively quickly. When solving probability problems, Wenxin Yiyan's problem-solving time was longer compared to other AI models, especially for the fifth probability problem, where the problem-solving time was more than twice that of other AI models. Details are shown in Table 1.
Table 1 AI Problem-solving Efficiency for Middle School Mathematics Problems
	
	
	Tencent Yuanbao
	deepseek
	Doubao
	kimi
	Wenxin Yiyan

	Algebra
	Problem 1
	15s
	14s
	11s
	15s
	30s

	
	Problem 2
	15s
	7s
	12s
	14s
	39s

	
	Problem 3
	4s
	60s
	13s
	13s
	14s

	
	Problem 4
	7s
	13s
	15s
	15s
	12s

	
	Problem 5
	17s
	233s
	20s
	17s
	112s

	
	Problem 6
	16s
	17s
	21s
	20s
	23s

	
	Average Time
	12.333s
	57.333s
	15.333s
	15.667s
	38.333s

	Geometry
	Problem 1
	127s
	229s
	69s
	69s
	188s

	
	Problem 2
	13s
	22s
	13s
	12s
	25s

	
	Problem 3
	100s
	99s
	61s
	63s
	48s

	
	Problem 4
	54s
	28s
	25s
	28s
	112a

	
	Problem 5
	55s
	114s
	45s
	16s
	126s

	
	Problem 6
	111s
	253s
	149s
	170s
	180s

	
	Average Time
	76.667s
	124.167s
	60.333s
	59.667s
	113.167s

	Probability
	Problem 1
	40s
	18s
	17s
	44s
	39s

	
	Problem 2
	15s
	8s
	14s
	20s
	23s

	
	Problem 3
	26s
	27s
	20s
	19s
	24s

	
	Problem 4
	22s
	12s
	13s
	14s
	30s

	
	Problem 5
	24s
	73s
	40s
	20s
	171s

	
	Problem 6
	33s
	14s
	26s
	15s
	36s

	
	Average Time
	26.667s
	25.333s
	21.667s
	22s
	53.833s

	
	Total Time
	694s
	1241s
	584s
	584s
	1232s

	
	Overall Average Time
	38.556s
	68.944s
	32.444s
	32.444s
	68.444s



4.2 Result Accuracy
In terms of accuracy, generative artificial intelligence may produce incorrect answers (Chu & Yang, 2025). Among them, Tencent Yuanbao and Doubao had the highest accuracy, Deepseek and Wenxin Yiyan were slightly lower, and Kimi had the lowest accuracy. Specifically, when solving algebra problems, Tencent Yuanbao and Wenxin Yiyan achieved 100% result accuracy. When solving geometry problems, the accuracy of all generative AI models was relatively low, with Doubao having relatively higher accuracy. When solving probability problems, all AI models made errors in the fifth problem due to image recognition errors, so all AI models had 83.33% accuracy. Details are shown in Table 2.
Table 2 AI Result Accuracy for Middle School Mathematics Problems
	[bookmark: OLE_LINK4]
	
	Tencent Yuanbao
	deepseek
	Doubao
	kimi
	Wenxin Yiyan

	Algebra
	Problem 1
	√
	√
	×
	×
	√

	
	Problem 2
	√
	√
	√
	√
	√

	
	Problem 3
	√
	×
	√
	√
	√

	
	Problem 4
	√
	√
	√
	√
	√

	
	Problem 5
	√
	√
	√
	×
	√

	
	Problem 6
	√
	√
	√
	√
	√

	
	Accuracy
	100%
	83.33%
	83．33%
	66.67%
	100%

	Geometry
	Problem 1
	×
	×
	×
	×
	×

	
	Problem 2
	√
	√
	√
	√
	√

	
	Problem 3
	√
	×
	√
	×
	×

	
	Problem 4
	√
	√
	√
	√
	√

	
	Problem 5
	×
	×
	√
	×
	×

	
	Problem 6
	×
	√
	×
	×
	×

	
	Accuracy
	50%
	50%
	66．67%
	33.33%
	33.33%

	Probability
	Problem 1
	√
	√
	√
	√
	√

	
	Problem 2
	√
	√
	√
	√
	√

	
	Problem 3
	√
	√
	√
	√
	√

	
	Problem 4
	√
	√
	√
	√
	√

	
	Problem 5
	×
	×
	×
	×
	×

	
	Problem 6
	√
	√
	√
	√
	√

	
	Accuracy
	83.33%
	83.33%
	83.33%
	83.33%
	83.33%

	
	Overall Accuracy
	77.78%
	72.22%
	77.78%
	61.11%
	72.22%


Note: "√" in the table indicates that the AI answered correctly on the corresponding problem, "×" indicates that the AI answered incorrectly.
4.3 Solution Completeness
In terms of solution completeness, all generative AI models had relatively high solution completeness, with Deepseek and Doubao having the highest solution completeness, followed by Tencent Yuanbao and Wenxin Yiyan, and Kimi having the worst solution completeness. Specifically, when solving algebra problems, only Kimi's solution completeness was not 100%. When solving geometry problems, all generative AI models had relatively low solution completeness, with Deepseek and Doubao having slightly higher solution completeness than other AI models. Details are shown in Table 3.
[bookmark: OLE_LINK5]Table 3 AI Solution Completeness for Middle School Mathematics Problems
	
	
	Tencent Yuanbao
	deepseek
	Doubao
	kimi
	Wenxin Yiyan

	Algebra
	Problem 1
	△
	△
	△
	△
	△

	
	Problem 2
	△
	△
	△
	△
	△

	
	Problem 3
	△
	△
	△
	△
	△

	
	Problem 4
	△
	△
	△
	△
	△

	
	Problem 5
	△
	△
	△
	○
	△

	
	Problem 6
	△
	△
	△
	△
	△

	
	Completeness
	100%
	100%
	100%
	83．33%
	100%

	Geometry
	Problem 1
	○
	○
	○
	○
	○

	
	Problem 2
	△
	△
	△
	△
	△

	
	Problem 3
	△
	△
	△
	△
	△

	
	Problem 4
	△
	△
	△
	△
	△

	
	Problem 5
	○
	○
	△
	○
	○

	
	Problem 6
	○
	△
	○
	○
	○

	
	Completeness
	50%
	66.67%
	66.67%
	50%
	50%

	Probability
	Problem 1
	△
	△
	△
	△
	△

	
	Problem 2
	△
	△
	△
	△
	△

	
	Problem 3
	△
	△
	△
	△
	△

	
	Problem 4
	△
	△
	△
	△
	△

	
	Problem 5
	△
	△
	△
	△
	△

	
	Problem 6
	△
	△
	△
	△
	△

	
	Completeness
	100%
	100%
	100%
	100%
	100%

	
	Solution Completeness
	83.33%
	88.89%
	88.89%
	77.78%
	83.33%


Note: "△" in the table indicates that the AI had complete solution process on the corresponding problem, "○" indicates that the AI had incomplete solution process.
4.4 Logical Rigor
In terms of logical rigor, all generative AI models had relatively strong logical rigor, with Doubao having the highest rigor, Tencent Yuanbao, Deepseek, and Kimi slightly lower, and Wenxin Yiyan having the worst logical rigor. Specifically, when solving algebra problems, Tencent Yuanbao and Doubao had the best rigor. When solving geometry problems, Wenxin Yiyan had the worst rigor. Details are shown in Table 4.
Table 4 AI Logical Rigor for Middle School Mathematics Problems
	
	
	Tencent Yuanbao
	deepseek
	Doubao
	kimi
	Wenxin Yiyan

	Algebra
	Problem 1
	T
	T
	T
	T
	T

	
	Problem 2
	T
	T
	T
	T
	T

	
	Problem 3
	T
	T
	T
	T
	T

	
	Problem 4
	T
	T
	T
	T
	T

	
	Problem 5
	T
	F
	T
	F
	F

	
	Problem 6
	T
	T
	T
	T
	T

	
	Rigor
	100%
	83.33%
	100%
	83.33%
	83.33%

	Geometry
	Problem 1
	T
	T
	T
	T
	F

	
	Problem 2
	T
	T
	T
	T
	T

	
	Problem 3
	T
	T
	T
	T
	T

	
	Problem 4
	T
	T
	T
	T
	T

	
	Problem 5
	F
	F
	T
	F
	F

	
	Problem 6
	T
	T
	F
	T
	T

	
	Rigor
	83.33%
	83.33%
	83.33%
	83.33%
	66.67%

	Probability
	Problem 1
	T
	T
	T
	T
	T

	
	Problem 2
	T
	T
	T
	T
	T

	
	Problem 3
	T
	T
	T
	T
	T

	
	Problem 4
	T
	T
	T
	T
	T

	
	Problem 5
	T
	T
	T
	T
	T

	
	Problem 6
	T
	T
	T
	T
	T

	
	Rigor
	100%
	100%
	100%
	100%
	100%

	
	Logical Rigor
	88.89%
	88.89%
	94.44%
	88.89%
	83.33%


Note: "T" in the table indicates that the AI had rigorous logic on the corresponding problem, "F" indicates that the AI had poor logical rigor.
5. Discussion
This study used 18 middle school mathematics problems covering three modules (algebra, geometry, and probability) as test samples, selected five mainstream Chinese generative AI models (Tencent Yuanbao, Deepseek, Doubao, Kimi, and Wenxin Yiyan) as research subjects, and conducted comparative testing and analysis from four dimensions (problem-solving efficiency, result accuracy, solution completeness, and logical rigor), aiming to systematically evaluate Chinese large models' ability to solve middle school mathematics problems.
By having the above five AI models solve 18 problems, it can be seen that Doubao and Kimi had the shortest time, Tencent Yuanbao ranked third, Wenxin Yiyan took relatively longer, and Deepseek took the longest. In terms of accuracy, Tencent Yuanbao and Doubao had the highest accuracy, Deepseek and Wenxin Yiyan were slightly lower, and Kimi had the lowest accuracy. In terms of solution completeness, all generative AI models had relatively high solution completeness, with Deepseek and Doubao having the highest solution completeness, followed by Tencent Yuanbao and Wenxin Yiyan, and Kimi having the worst solution completeness. In terms of logical rigor, all generative AI models had relatively strong logical rigor, with Doubao having the highest rigor, Tencent Yuanbao, Deepseek, and Kimi slightly lower, and Wenxin Yiyan having the worst logical rigor.
Overall, 1) Different generative AI models show significant differences in middle school mathematics problem-solving ability, among which Doubao and Tencent Yuanbao have balanced overall performance with good teaching assistance value, while Deepseek, Wenxin Yiyan, and Kimi each have shortcomings. 2) Generative AI shows significant problem-type differentiation characteristics in middle school mathematics problem-solving, performing outstandingly in algebra and probability problems but poorly in geometry problems.
Regarding the differences in problem-solving ability of different generative AI models in middle school mathematics, Sejun Oh, using Korean university academic ability test questions as samples, evaluated the mathematical problem-solving ability of generative AI and found that different models (such as o1-preview and gpt-4o) had significant differences in average accuracy, indicating that the unevenness of generative AI models in mathematical problem-solving ability is a common phenomenon (Oh, 2024). Sejun Oh's research is basically consistent with the conclusions of this study.
6. Conclusions and Recommendations
Through testing five common generative AI models (Tencent Yuanbao, Deepseek, Doubao, Kimi, and Wenxin Yiyan) on 18 middle school mathematics problems covering algebra, geometry, and probability (6 problems of each type), and conducting comparative analysis from four dimensions (problem-solving efficiency, result accuracy, solution completeness, and logical rigor), the conclusions are as follows: 1) Different generative AI models show significant differences in middle school mathematics problem-solving ability, among which Doubao and Tencent Yuanbao have balanced overall performance with good teaching assistance value, while Deepseek, Wenxin Yiyan, and Kimi each have shortcomings. 2) Generative AI shows significant problem-type differentiation characteristics in middle school mathematics problem-solving, performing outstandingly in algebra and probability problems but poorly in geometry problems.
Based on the above conclusions, recommendations are: 1) Students should use AI as an auxiliary tool for mathematics learning, not relying on it for direct answers, examining solution approaches with a critical eye, comparing their own thinking paths with AI's problem-solving logic, and exploring differences. For questionable steps, actively consult materials and ask teachers and classmates to verify authenticity. 2) Teachers should clarify the auxiliary role of AI, guide students to form a correct understanding of its value, integrate the empowerment of technology with humanistic teaching into specific teaching design, and design interactive teaching activities to cultivate students' critical thinking and collaborative abilities (Zhou, 2025). For example, set up "AI answer error-finding" tasks, deliberately select cases where AI has omissions in problem-solving, and guide students to discover problems and correct answers through consulting textbooks, derivation verification, etc. 

This study only selected 18 middle school mathematics problems for testing. Although covering three modules of algebra, geometry, and probability, the sample size is small and does not fully cover special problem types, such as open-ended application problems and cross-module comprehensive problems. The testing process used unified instructions and fixed interaction modes, without simulating the dynamic interaction process between teachers and students in real teaching scenarios. Therefore, it is necessary to increase the number and types of test problems in the future, simulate diverse teaching interaction scenarios, and conduct more comprehensive and in-depth research on the ability of Chinese generative AI to solve middle school mathematics problems.
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