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Subject Knowledge Evaluation Method for Language Models Based on Multiple Choice Questions

XIONG Zhuozhi,GU Zhouhong, FENG Hongwei and XIAO Yanghua

School of Computer Science, Fudan University, Shanghai 200433, China

Abstract Subject knowledge evaluation methods for pre-trained language models based on Multiple Choice Questions(MCQ) of-
fer rapid,quantitative evaluation of model knowledge. However. their reliability is compromised by irrelevant factors such as op-
tion order and length, raising robustness concerns. To address this challenge, an analytical framework for evaluating subject
knowledge of pre-trained language models using MCQ is proposed. This framework formalizes MCQ evaluation into two mo-
dules: prompting and parsing. systematically investigating the impact of various MCQ evaluation methods on evaluation out-
comes. The robustness of different prompting and parsing techniques is analyzed through experiments on Chinese and English
subject knowledge evaluation datasets. Based on these findings,a rewriting-enhanced parsing method is introduced that employs
pre-trained language models to rewrite model responses, effectively overcoming the limitations of traditional rule-based parsing
when handling non-standard replies. By integrating rewriting and rule-based parsing,this approach enhances both answer extrac-
tion accuracy and evaluation process robustness,offering a novel and effective strategy for language model evaluation.

Keywords Language model,Subject knowledge ., Multiple choice evaluation
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Table 1 Result of promting-parsing experiment
Dataset CMMLU MMLU C-eval
Prompting Vanilla
Parsing Vanilla RP PPL R-PPL Vanilla RP PPL R-PPL Vanilla RP PPL R-PPL
ChatGLM-6B 40.0 40. 8 39.8 0.63 40.1 40. 4 40. 8 0.63 37.1 40. 6 41.5 0. 64
ChatGLM2-6B 50.8 49.6 49.3 0.69 46.4 46.4 47.4 0.68 53.3 53.8 53.6 0.72
ChatGLM3-6B 52.7 55.5 54. 8 0.73 48.1 49.8 51.5 0.70 68.1 59.9 67.9 0.81
ChatGLM3-6B-base 67.4 69. 4 69.9 0.82 62.1 62.0 62.4 0.77 67.9 59.9 67.9 0. 81
LLaMA2-7B 28.9 29.5 30.0 0.56 35.3 29.6 36.0 0. 60 30.3 34.8 35.4 0. 60
LLaMA2-7B-Chat 18.9 30.7 32.0 0.57 46.1 26.1 46.8 0.67 30. 6 34. 8 35.9 0. 60
LLaMA2-13B 33.9 36.3 37.3 0.61 48.6 26.8 48.7 0.68 37.4 37.0 37.4 0.61
LLaMA2-13B-Chat 10.7 32.6 36.0 0. 59 46. 4 25.7 51.0 0.70 22.7 32.1 32.5 0. 57
GPT-3. 5-turbo 53.0 50.4 — — 68. 2 68.3 — — 50.2 49.5 — —
GPT-4-turbo 71.6 72.3 - - 81.3 81.3 - - 68.0 68.9 - -
Prompting Rules
Parsing Vanilla RP PPL R-PPL Vanilla RP PPL R-PPL Vanilla RP PPL R-PPL
ChatGLM-6B 38.6 33.1 34.9 0.62 38.8 40. 3 42.2 0. 64 38.5 41.4 42.1 0. 64
ChatGLLM2-6B 49.6 49.8 50. 1 0.70 47.1 47.3 46.4 0.67 54.5 55.1 53.6 0.73
ChatGLM3-6B 65.9 66. 2 66.5 0. 80 52.3 51.5 51.0 0.69 67.6 59.7 66.9 0. 80
ChatGLM3-6B-base 66. 6 67.8 68.7 0. 81 61.5 61.7 62.4 0.77 53.0 53.0 52.5 0.69
LLaMA2-7B 27.1 30.4 31.1 0. 56 35.1 27.1 38.9 0.62 29.0 34.3 37.1 0.60
LLaMA2-7B-Chat 16.6 29.6 31.7 0.57 45.4 25.9 46. 3 0.67 29.3 34. 8 35.5 0. 60
LLaMA2-13B 35.4 36.0 34.7 0.59 47.9 23.1 48.1 0.68 35.1 34.8 35.3 0.58
LLaMAZ2-13B-Chat 10.0 30. 1 34.4 0.59 46.3 26.0 50.5 0.70 24.5 32.5 32.6 0.57
GPT-3. 5-turbo 52.0 49.3 — — 67.1 67.3 53.4 50.1 — —
GPT-4-turbo 70.6 72.3 - - 79.5 81.3 - 64.3 67.6 - -
Prompting Swap &. Synthesis
Parsing Vanilla RP PPL R-PPL Vanilla RP PPL R-PPL Vanilla RP PPL R-PPL
ChatGLM-6B 28.5 25.2 33.3 0.59 30.4 30.8 32.7 0.59 34.2 36.3 36.4 0. 60
ChatGLM2-6B 31 33.1 34.9 0.6 30.8 47.3 42.2 0. 64 33.5 35.5 37.4 0.62
ChatGLM3-6B 46.9 49.7 49.3 0.69 48.0 51.5 48.2 0.68 66.9 25.5 67.1 0. 80
ChatGLM3-6B-base 67.6 67.7 67.8 0. 80 61.1 62.1 62.1 0.76 65.4 65.6 65. 6 0.79
LLaMA2-7B 26.7 27.1 28.5 0.55 28.6 26.8 30.8 0.52 33.3 34.3 34.9 0.58
LLaMA2-7B-Chat 29.1 30.5 30.6 0.56 44.1 25.0 45.2 0.65 33.1 34.5 34.7 0.58
LLaMA2-13B 33.9 36.3 37.3 0.61 38.6 26.3 42.1 0. 64 31.3 31.4 34.5 0.57
LLaMA2-13B-Chat 23.5 30.7 29.9 0.56 40. 4 24.6 42.6 0.65 26.7 31.6 32.8 0.57
GPT-3. 5-turbo 53.0 50. 4 - - 62.4 65.2 - - 44.2 45.5 - -
GPT-4-turbo 69.7 69.5 - — 79.1 80.5 - - 67.9 69.1 — —
Prompting Self-Generated Metrics
Parsing Vanilla RP PPL R-PPL Vanilla RP PPL R-PPL Vanilla RP PPL R-PPL
ChatGLM-6B 31. 8 27.9 38.4 0.62 30.4 30.8 32.7 0.59 41.5 41.7 41.9 0.63
ChatGLM2-6B 45.5 45.8 45.8 0.62 30. 8 47.3 42.2 0. 64 33.5 35.5 37.4 0.62
ChatGLM3-6B 51.8 51.8 52.2 0.71 48.0 51.5 48.2 0.68 66.9 25.5 67.1 0. 80
ChatGLLM3-6B-base 63.0 63.0 64. 4 0.78 60. 6 60.7 61.1 0.77 58.9 59.0 60.5 0.76
LLaMA2-7B 11.1 27.4 30. 6 0.56 28.6 26. 8 30. 8 0.52 33.3 34.3 34.9 0.58
LLaMA2-7B-Chat 21.2 30.6 29.7 0.56 28.4 25.2 40. 8 0.63 26.6 29.6 30.4 0.56
LLaMA2-13B 20.9 29.2 33.5 0.58 35.1 33.3 42.1 0. 64 24.0 31.4 31.5 0.56
LLaMA2-13B-Chat 9.6 26.8 33.0 0.58 37.9 26.1 46.9 0.67 16.8 31.3 31.6 0.56
GPT-3. 5-turbo 50.5 49.3 - — 62.4 65.2 - — 44.2 45.5 - -
GPT-4-turbo 67.4 70.4 - - 80.7 80.7 - - 63.0 66. 1 - —
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