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Abstract

New NLP benchmarks are urgently needed to align with the
rapid development of large language models (LLMs). We
present a meticulously designed evaluation benchmark that
leverages the knowledge graph. This evaluation comprises
584 level-1 knowledge points and 1,989 level-2 knowledge
points, thereby encompassing a comprehensive spectrum of
the K12 education domain knowledge. The primary objec-
tive is to comprehensively assess the high-level comprehen-
sion aptitude and reasoning capabilities of LLMs operating
within the Chinese context. Our evaluation incorporates five
distinct question types with 39,452 questions. We test the
current mainstream LLMs by three distinct modes. Firstly,
four prompt evaluation modes were employed to assess the
fundamental capacity. Additionally, for choice questions, a
result-oriented evaluation approach was designed through
data augmentation to assess the model’s proficiency in ad-
vanced knowledge and reasoning. Moreover, a subset with
reasoning process is derived, and the process-oriented test-
ing method is used to test the model’s interpretability and
higher-order reasoning capacity. We further show models’ ca-
pability in our knowledge points, and anticipate the evalua-
tion can assist in the assessment of the strengths and defi-
ciencies of LLMs on knowledge points, thus fostering their
development within the Chinese context. Our Dataset will be
publicly available in https://github.com/tal-tech/chinese-k12-
evaluation.

Introduction

In recent times, we have witnessed a remarkable surge in
the advancement of Large scale Language Models (LLMs),
which have found diverse applications across various do-
mains. Notably, ChatGPT and GPT-4 have demonstrated ex-
ceptional performance . It is imperative to propose more
comprehensive and forward-looking evaluations than ever
before to ascertain the extent to which LLMs have genuinely
acquired knowledge.

The most important aspect of the field of educational
knowledge is cultivating a broad range of cognitive abilities,
including memory retention, abstraction, logical reasoning,
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analytical thinking and imagination. For LLMs, such educa-
tional knowledge serves as a highly suitable tool for assess-
ing comprehensive capabilities.

Some benchmarks like GLUE (Wang et al. 2018), Super-
GLUE (Wang et al. 2019), MMLU (Hendrycks et al. 2021a),
RACE (Lai et al. 2017), GSM8K (Cobbe et al. 2021), LAM-
BADA (Paperno et al. 2016), TriviaQA (Joshi et al. 2017),
Truthfulga (Lin, Hilton, and Evans 2021), HELM (Liang
et al. 2022) and BIG-bench (Srivastava et al. 2022), effec-
tively evaluate the performance of LLMs at a given mo-
ment and measuring whether the model can be further im-
proved. However, these benchmarks predominantly cater to
the English language. Consequently, when evaluating Chi-
nese LLMs, disparities arising from inherent linguistic dis-
similarities can lead to inequitable comparisons.

Therefore, several benchmarks for the Chinese language
have been proposed, such as CLUE (Xu et al. 2020), Few-
CLUE (Xu et al. 2021), SuperCLUE, APE210K (Zhao et al.
2020), GAOKAO (Zhang et al. 2023), L-Eval (An et al.
2023), AGI-Eval (Zhong et al. 2023), MMCU (Zeng 2023),
CMMLU (Li et al. 2023), C-Eval (Huang et al. 2023),
M3KE (Liu et al. 2023) and Xiezhi (Gu et al. 2023). It is
important to underscore that while these sets span a wide
range of subjects, they may display restricted coverage of
knowledge points and an incomplete knowledge system.

Taking into account the dynamic progression of LLMs,
we have identified certain limitations prevalent in previ-
ous benchmarks. Firstly, The accuracy on some benchmarks
GLUE (Yang et al. 2022), SuperGLUE (Wang et al. 2019)
have reached over 90, surpassing human performance, and it
is impossible to accurately measure whether the model abil-
ity has improved. Secondly, M3KE (Liu et al. 2023), AGI-
EVAL (Zhong et al. 2023), C-EVAL (Huang et al. 2023)
and Xiezhi (Gu et al. 2023) rely on questions sourced from
examination papers. These examination papers, constrained
by their respective paper lengths, may not comprehensively
cover the full range of knowledge points, such benchmarks
fall short of covering the entire knowledge structure of a
given subject. There is no comprehensive Chinese bench-
mark that currently targets K12 (6 years of elementary
school, 3 years of middle school, and 3 years of high school)
educational knowledge points.

Using CoT testing mode on some models can generate the
inference steps of the model to answer the question, which
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greatly improves the interpretability and verifiability of the
model (Nye et al. 2021), (Wei et al. 2023). It is impor-
tant to have a benchmark with high-quality analytical rea-
soning steps and metrics that allow for a fair assessment
of the reasoning process. At present, there are few evalua-
tion sets with inference steps. GSMS8K provides a relatively
comprehensive set of logical reasoning steps, but its content
coverage is limited. On some evaluation sets similar to C-
EVAL, their explanations are generated by GPT-4, the qual-
ity of which is relatively hard to ensure. Lastly, given the
rapid pace at which LLMs undergo updates, there is a pos-
sibility that numerous benchmarks may have inadvertently
incorporated training data, resulting in data contamination.

In order to accurately assess the K12 knowledge capa-
bility demonstrated by LLMs, we propose a new bench-
mark based on our self-built multi-level K12 knowledge
graph question bank. The knowledge graphs and questions
involved all come from our question bank, which has accu-
mulated over decades, and has been carefully reviewed by
professional teachers to avoid issues of discrimination and
bias, ensure the quality of the questions and the coverage
of knowledge. In particular, the benchmark encompasses all
K12-related knowledge-based subjects, categorized into pri-
mary school, middle school and high school stages. Further-
more, we have incorporated two more complex evaluation
methods for single-choice and multiple-answer questions,
which further reduce the possibility of data contamination
and explore the ability of LLMs to apply knowledge and rea-
soning: shuffling options and adding distractors, to achieve
a more comprehensive ability assessment.

Previous work on evaluating the performance of LLMs
has tended to focus on the results, without evaluating the in-
ference steps, which makes it difficult to objectively study
their correctness (independent of the final answer). We ex-
tract 7,334 mathematical problems with more than two pars-
ing steps from our benchmark as the reasoning evaluation
subset. Reference (Golovneva et al. 2022), we use several
interpretability metrics to evaluate CoT results for the rea-
soning subset.

Our main contributions are summarized as follows.

* We propose Knowledge Graph Based Benchmark, an
evaluation set for Chinese LLMs, constructed based on
our self-developed multi-level knowledge graph. Up to
now, it covers the most comprehensive knowledge points
in Chinese K12 field.

We have tested a wide range of open-source Chinese
LLMs and some representative English LLMs. And we
present a detailed analysis of the model results.

e We derive a subset that evaluates the ability of infer-
ence steps to evaluate the higher-order reasoning ability
of LLMs by the interpretability metrics.

Related Works

Large Language Models Recently, several prominent
models have been released by various institutions, including
BLOOM (Scao et al. 2022), Llama (Touvron et al. 2023),
Alpaca (Taori et al. 2023), Vicuna (Chiang et al. 2023),
ChatGPT (OpenAl 2023a), GPT-4 (OpenAl 2023b). These
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models have demonstrated remarkable performance across a
wide range of tasks, even surpassing human capabilities in
certain aspects. Furthermore, there has been a rapid devel-
opment in Chinese LLMs, including ChatGLM (Du et al.
2022), Baize (Xu et al. 2023), Belle (Ji et al. 2023), In-
ternLM, Qwen, Baichuan and Moss (Sun et al. 2023) which
have exhibited a remarkable comprehension of the Chinese
language. To assess the LLM’s ability to achieve human-
level or superhuman performance, it is crucial to evaluate
its fundamental capabilities. The evaluation set should be as
comprehensive and detailed as possible. A more challenging
and newer Chinese evaluation set is crucial for evaluating the
capabilities of LLMs effectively.

Benchmarks There are several studies that focus on eval-
uating a model’s level of knowledge and capacity for reason-
ing. Physical IQA (Bisk et al. 2020) and CosmosQA (Huang
et al. 2019) primarily assess the model’s comprehen-
sion of common knowledge. GLUE (Wang et al. 2018),
MMLU (Hendrycks et al. 2021b), AGI-EVAL (Zhong et al.
2023) and C-EVAL (Huang et al. 2023) are designed
to evaluate the model’s overall capability. Additionally,
M3KE (Liu et al. 2023) introduces a multi-level and multi-
disciplinary domain knowledge test set, while Xiezhi (Gu
et al. 2023) presents an extensive domain knowledge evalua-
tion set with the largest number of questions. However, these
benchmarks are mainly collected from standardized test pa-
pers and often focus on university-level subjects. As a result,
due to the influence of the overall length of the test papers, it
cannot be guaranteed to cover all the necessary knowledge
points, nor can it fully reflect the entire knowledge structure
of the subject. And if considering the human learning pro-
cess, there is a lack of evaluation sets that comprehensively
cover knowledge points in the K12 field.

Some prior works (Golovneva et al. 2022) (Deng et al.
2021) (Yuan, Neubig, and Liu 2021) on evaluating reasoning
chains have proposed reasonable metrics. In this work, we
extract some mathematical problems as the evaluation subset
to evaluate the reasoning abilities of LLMs.

Therefore, we propose a K12 domain knowledge evalua-
tion set based on self-developed knowledge graphs, that en-
sures comprehensive coverage of all K12 knowledge points.

Knowledge Graph Based Benchmark

Design Principle Our benchmark encompasses a diverse
range of topics in K12 education, covering primary, middle
and high school levels. It includes all major subjects men-
tioned above, covering textbook materials, teaching mate-
rials, experimental knowledge and more. It has undergone
multiple levels of knowledge graph classification and anno-
tation by professional teachers.

Discipline Categories We referred to the Chinese Disci-
pline Taxonomy for primary, middle and high school sub-
jects and divided the first level labels into the following
subjects: Chinese, Mathematics, English, Politics, History,
Geography, Physics, Chemistry and Biology. For the con-
venience of statistical analysis, we divide it into two main
categories, Arts and Sciences. The Arts include Chinese, En-



Chinese
Common sense
Reading
Language usage
Big composition
Poetry appreciation
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Ancient history of China
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Physics

Interaction
Mechanical motion
Curvilinear motion

Mechanical vibration
Wave-particle duality
Thermodynamics
Atoms and nuclei

Chemistry

Scientific inquiry
Chemicals around us
Chemical reactions
Organic compounds
The quantity of matter
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Knowledge point

Biology

Biology and environment
Molecule and cell
Genetics and evolution
Biotechnology practice
Plant physiology
Animal physiology

English
Noun - Article - Pronoun

Adjective - Adverb
Subject-verb agreement

Political

Math

Number - formula
Equation and inequality
Function - triangle
quadrilateral circle
Geometric transformation
Statistics and probability
Synthesis and practice
History of mathematics
Numbers and expressions
Equality and inequality
Applications of functions
Trigonometric functions
Statistics and probability
Principles of counting
Reasoning and proof

Modern era of China
Economic, Social life

Redox reactions
Ionization, ion reactions

Plane geometry

Logic and thinking Cemedidton

Economy and society

Figure 1: Our proposed benchmark is built around knowledge graphs, and encompasses 9 k12 education subjects. 584 knowl-
edge points, and 1,989 further fine-grained knowledge points, aiming to provide a knowledge benchmark for the fair, effective,

and comprehensive evaluation.

glish, History, Politics and Geography; the Sciences include
Mathematics, Chemistry, Biology and Physics.

The first level indicates the subject. The second level
called level-1 knowledge points further refine each respec-
tive subject covering textbook materials, teaching materials,
and experimental knowledge of K12. Lastly, the third level
labels which are called level-2 knowledge points continue to
be divided based on specific level-1 knowledge point cate-
gories. Notably, a third level encompasses no fewer than 10
questions, rendering it a comprehensive unit of evaluation.
As shown in Figure 1, our proposed benchmark includes 9
K12 disciplines and 584 level-1 knowledge points. There are
1,989 level-2 knowledge points in total, so we only show the
level-2 knowledge points of mathematics subject in Figure 2.

The knowledge graph serves as the cornerstone of our
benchmark, meticulously crafted by experienced teachers
to encompass every single knowledge point across all K12-
related subjects, and encapsulate a complete architecture of
the knowledge system. By leveraging this knowledge graph,
our benchmark assesses the holistic foundational aptitude
and knowledge expansion capacity of LLMs in the K12 do-
main, providing a comprehensive overview of the abilities
of various LLMs in these knowledge domains.

According to bloom’s taxonomy of educational objec-
tives, the developmental trajectory of LLM’s cognitive abil-
ities should progress from basic memory and understanding
to analysis, application, ultimately evaluation and creation.
These abilities that LLM needs to possess align with the in-
tentions of our human education. Analogous to human learn-
ing, we start from elementary school, through middle school
and high school, continue into university and even more ad-
vanced domains like doctoral studies, our cognitive abilities
largely follow this pattern. There is a lack of comprehensive
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assessments specifically designed for K12 knowledge. The
benchmark we propose is built on a knowledge graph con-
structed by professional teachers, ensuring both the compre-
hensive knowledge structure and coverage in K12.

To minimize the risk of data contamination, we imple-
mented a shuffling mechanism and introduced interference
options for the choices in our choice questions to further as-
sess LLM’s ability to apply knowledge and reasoning ability.
These interference options were extracted from the choices
of other choice questions within the same subject. We ran-
domly selected 10 options and ranked them accordingly. In
the section of Comparison on Data, the comparison results
of the random data, the data with added interference options
and the original data are provided.

It is crucial to highlight that 74% percent of the questions
in our proposed benchmark incorporate a meticulous analy-
sis. This analysis have undergone rigorous scrutiny by pro-
fessional educators and exhibit exceptionally high quality. A
mathematics sample with analysis is shown in few-shot-CoT
in Figure 4. We will also make these high-quality question
explanations available to the public, hoping that can help
the open community optimize and develop even higher level
large-scale models. Furthermore, we extract 7,334 mathe-
matical problems with more than two parsing steps from our
benchmark as the reasoning evaluation subset and use sev-
eral interpretability metrics to evaluate reasoning step results
for the reasoning subset.

Data Collection Our benchmark consists of 39,452 ques-
tions sourced exclusively from a private test bank. More-
over, each question has been carefully selected and analyzed
to avoid issues of discrimination and bias, ensure the qual-
ity and fairness of the data. These questions encompass a
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Figure 2: The figure on the left is the statistics of subjects in our benchmark.The figure on the right shows statistics for fine-
grained Math knowledge points, including all level-1 and level-2 points above a 1% share.

diverse range of origins, including internal confidential pa-
pers, external schools examination papers and independent
enrollment plan papers. To ensure comprehensive coverage,
on each third level label of our knowledge graph, we have se-
lected 10 questions for each type of question, which includes
single choice, multiple choice, blank filling, judgment and
sorting. However, some of the third level labels only contain
one or several types of questions. Therefore, according to the
proportion of each type of question, they constitute 48.9%,
12.9%, 7.7%, 25.2%, and 0.5% respectively.

We classify and analyze the original questions and do
some processing. Firstly, some transcription questions and
dictation questions are removed, which are not significant
for model ability evaluation. Then, we found that some blank
filling questions mixed choice and blank filling, and we re-
moved these questions. The main reason is that the question
stem does not directly indicate what the question should do,
which can lead to confusion.

Scoring Step-By-Step Reasoning In order to make a rea-
sonable evaluation of the reasoning ability of the LLMs, we
selected 7,334 math problems with more than two analysis
steps as the reasoning test set. Subsequently, we proceeded
to evaluate the few-shot-CoT results of all test models.
According to (Golovneva et al. 2022), We selected five
metrics to evaluate the accuracy of the reasoning step.
Faithfulness-Step measures if the model misinterpreted the
problem statement. Source-Consistency evaluates whether
the reasoning steps are consistent with the content of the
question. Reasoning Alignment is to evaluate whether the
reasoning steps match the parsing. Hallucination was per-
formed to assess whether the responses contained irrele-
vant reasoning steps. Redundancy is to evaluate whether
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the inference step contains information that is not required
to solve the problem. While Source-Consistency was as-
sessed using an NLI model that was trained to classify
hypothesis-context pairs into entailment, neutral and contra-
diction classes (Laurer et al. 2022). The Reasoning Align-
ment was assessed using the all-mpnet-base-v2 model and
the other metrics are assessed by using roscoe-512-roberta-
base model which is finetuning on SimCSE (Gao, Yao, and
Chen 2021) to extract alignment vector (Deng et al. 2021)
and then calculating them through predefined rules. A de-
tailed description of the calculation steps can be found in
the Appendix.

Experiments

In this section, we will introduce our evaluation setups, in-
cluding identical prompts, few-shot and CoT samples, error
analysis and comparison of results. And we use accuracy as
the metric to evaluate different LLMs.

Prompt In order to accommodate different models, we
standardized the Prompt, but some models require additional
specific instructions, such as Moss, which should be mod-
ified to “< |Human| >: question < eoh > \n <
|Moss| >:". The provided Figure 3 and Figure 4 showcase
the prompt used for the evaluation of single-choice ques-
tions, encompassing four prevalent test modes: zero-shot,
few-shot, zero-shot-CoT, and few-shot-CoT. The test prompt
for other question types can be found in the Appendix.

Few-shot and CoT Setup We extract a set of 5 questions
from the evaluation set as few-shots examples. However, if
the number of tokens surpass 1024 during the testing phase,
we adjust the input to 3 or 1 shots. For CoT testing (Kojima
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Zero-shot

TEHR—EEFER , TR MER , IEMABCDHIEEHIFH
B, ERAHHIERIATI RAISESREPE] . BRE:

Here is a single-choice question. Following the question stem are
four options, please choose the correct option from ABCD and
provide the corresponding result. Question:

MEMWZA... Question content ...

BRER , ARELRENT  HFEESHEAS "ERERRE
Special attention, no need for interpretation, and the format of the
answer should be "The correct answer is:

Few-shot
Bk T SRIERIERER | EEAH IS AV REIA]

Please select the answer for the following single-choice questions.
Simply provide the corresponding result for the correct option.

fI1: MERZ... Example 1: Question content ...
= ... Answer: ...

...[5-shot examples]...

BMEWZA... Question content ...

Figure 3: Examples of zero-shot and few-shot evaluation
with the single choice question.

Zero-shot-CoT

THE-EEER , AT ERNNER , iSMABCDHIEEHIERI
I, A HIEIATIX R A4S 5RA0RT. RRE:

Here is a single-choice question. Following the question stem are
four options, please choose the correct option from ABCD and
provide the corresponding result. Question:

TERA... Question content ...
FRIER  FREAHT  FERBAMEIEA "ERERE
Special attention, no need for interpretation, and the format of the
answer should be "The correct answer is:

WRA——2B%E,

Let’s think step by step.

Few-shot-CoT

B TIRICRRATIERE S | EEA NIRRT N A4S 5REN AT
Please select the answer for the following single-choice questions.
Simply provide the corresponding result for the correct option.
BI1: MEMZS... Example 1: Question content ...

BE IUFI—S—LRE, BERE...

Answer: Let‘s think step by step. Answer content...

...[5-shot examples]...

FERA... Question content ...
IEHERR  UHI1—2—2RE
True Answer: Let's think step by step:

Figure 4: Examples of zero-shot-CoT and few-shot-CoT
evaluation with the single choice question. The green text
is the analysis process.

et al. 2022), (Wei et al. 2022), adding “Let’s think it step by
step” at the end of question. The detailed setup is shown in
Figure 4 .

Assessed Models In order to conduct a comprehensive
evaluation of the current LLMs on our benchmark, we se-
lected the current 8 state-of-the-art models for testing, in-
cluding pretrained model Llama, as well as models that

19435

have undergone finetuning, such as ChatGPT, InternL.M and
ChatGLM2. These models span a range of sizes, including
6B, 7B, 13B, 16B, 65B and so on. For evaluation, ChatGPT
and GPT-4 models are tested through the utilization of in-
terfaces, ChatGPT uses 2023.03.15 version and GPT-4 uses
2023.06.13. During testing, the temperature parameter for
the pretrained model is set to 0.8 and the top-p parameter is
set to 0.95, as referenced from (Huang et al. 2023). For other
models, the temperature parameter is set to O and the top-p
parameter is set to 1. A detailed description of these LLMs
can be found in the Appendix.

Error Analysis We categorized the common errors of
LLMs into three types, with examples provided in Figure 5.
The first type is errors caused by training corpus. The Llama
mainly relies on English pre-training corpus, tends to pro-
duce illogical answers. However, CN-Alpaca which utilizes
more Chinese training corpus performs notably better. The
second type is problem-solving errors, it’s a consensus that
LLMs lack sufficient inferential ability. The third type is gib-
berish outputs common to many models, the extent of these
problems varies as seen in Figure 5 for Baichuan. We will
provide more cases in the Appendix.

Comparison of Models While all of it are capable of pro-
cessing Chinese input, their proficiency levels differ. The
Llama model, due to its relatively small Chinese corpus, ex-
hibits relatively weak proficiency in Chinese, as the first er-
ror type mentioned above. On the other hand, ChatGPT and
GPT-4, benefiting from a certain amount of Chinese corpus
in their training data, showcase relatively better Chinese pro-
ficiency. The remaining models are trained using substantial
amounts of Chinese corpus. Among the models we tested,
only Llama65B are pretrained models. As shown in Table 1,
it consistently fall behind the pretrained-+finetuning model
across all evaluated criteria, even though they have a signifi-
cantly larger parameter count than the latter. These findings
effectively demonstrate the significance of the finetuning
process. Both effective pretrained and finetuning are crucial
components in achieving optimal performance in domain-
specific text comprehension. Additionally, we noticed that
for the finetuning model, the number of parameters does not
necessarily reflect the quality of the results. For example,
the accuracy of the InternLM-6B is higher than that of CN-
Alpaca and Baichuan with 13B parameters on many ques-
tions. A possible explanation is high-quality data focus on
Chinese may lead to better results in Chinese Benchmarks.

Comparison on Evaluation Setup The pretrained model
exhibits enhanced accuracy with the implementation of few-
shot testing, whereas most finetuning models are incapable
of performing stably few-shot learning from demonstrations.
Demonstrate the few-shot abilities of the finetuned large
models have all deteriorated. But encouragingly, we still ob-
serve ChatGPT benefit from few-shot setting in Single, Fill-
ing and Sorting. This can be ascribed to the extensive do-
main knowledge integrated within ChatGPT, equipping it
with the capacity to discern and encapsulate the distinctive
features inherent in the learning samples (Gu et al. 2023).
Compared with few-shot and few-shot CoT, most models
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Model \ GPT-4 ChatGPT InternLM ChatGLM2 CN-Alpaca Baichuan Moss Llama
Params | %) @ 7B 6B 13B 13B 16B 65B
o ZS 70.1/613 523/41.6 68.4/482 57.5/44.7 44.1/327 41.5/294 27.2/25.6 30.0/26.1
= FS * /% 555/44.0 67.1/453 51.6/44.6 30.7/26.8 251/17.0 28.6/253 37.9/29.1
% ZS-CoT | 69.1/62.6 519/412 60.7/41.6 43.1/37.3 40.8/27.7 347/159 235/19.3 22.0/19.7
FS-CoT * /% 474/423 53.8/358 44.0/32.7 28.6/21.9 1577/8.6 24.0/164 24.8/20.5
« ZS 69.7/59.8 54.4/42.7 663/458 56.2/43.1 41.6/31.7 40.7/29.6 279/254 29.3/25.0
= FS * /% 54.4/427 644/429 50.9/44.6 329/278 28.4/18.6 29.7/26.6 36.4/28.1
£ ZS-CoT | 67.8/61.0 50.0/41.8 59.6/403 423/372 38.8/283 335/158 264/219 23.2/20.8
“ FS-CoT * /% 47.1/741.7 52.1/357  42.8/32.7 28.8/22.5 17.1/77 251/16.6 27.0/20.5
% ZS 62.2/52.8 445/36.5 54.5/37.2 45.9/35.8 21.8/21.8 32.4/21.2 247/233 15.2/15.7
% FS * /% 45.3/31.7 542/334 33.8/27.6 6.7/10.8 143/124 185/155 119/11.2
2 ZS-CoT | 59.6/53.0 44.1/36.1 49.1/30.2  35.3/30.9 263/249 304/173 25.0/233 149/16.3
@ FS-CoT * /% 32.6/25.0 415/269 359/270 16.3/13.9 158/88 183/15.6 10.7/11.0
ZS 47.8/30.7 33.2/14.7 345/177 29.6/18.6 52/3.7 103/17.2 3.6/14 49/3.4
% FS * /% 30.0/13.5 2957125 243/15.1 5.7/3.6 13.5/54 3.6/43 12.9/8.2
S ZS-CoT | 46.7/31.3 32.0/140 16.0/45 232/175 43/2.1 109/2.9 23709 521/33
FS-CoT * /% 13.3/4.1 13.8/5.4 8.8/2.7 6.4/2.4 5.6/0.7 49/59 271735
A 485/296 274/123 31.9/17.0 31.5/178 5.8/3.2 11.6/6.9 4.1/1.7 25/2.0
s FS * /% 27.2/123 275/12.1  22.0/13.8 52/4.4 11.7/5.9 3.1/2.9 45/4.1
E ZS-CoT | 46.6/30.6 353/13.7 179/43 21.5/16.3 42/2.1 9.7/3.5 31/15 1.8/1.7
FS-CoT * /% 109/3.3 10.2/5.1 7.4/2.4 59/3.0 5.4/0.6 3.8/5.7 04709
« ZS 33.7/114  153/52 17.6/73 17.0/ 6.6 2.6/2.0 11.9/6.6 27/1.0 0.2/0.2
& FS * /% 10.2/3.1 20.8/9.4 8.5/6.0 1.7/1.6 53/32 2.1/04 0.0/0.3
'S ZS-CoT | 334/14.0 158/5.3 99/24 14.7/4.4 3.1/15 9.5/74.0 1.8/14 0.1/0.1
= FS-CoT * /% 8.7/2.0 8.0/25 6.7/1.7 20/1.0 6.6/0.6 2.1/04 0.0/0.0
o ZS 41.8/109 32.8/14.1 30.8/109 185/17.1 17.8/9.0  34.8/105 122/75 149/9.0
£ FS * /% 35.9/285 31.8/125 18.8/24.7 20.4/13.4 29.1/53 11.2/73  19.9/10.6
E ZS-CoT | 41.3/109 329/184 229/258 16.7/214 93/6.5 33.1/13.2 9.7/9.0 4717149
FS-CoT * /% 259/31.6 209/184 17.4/34.3 164/145 04/113 134/24.2 1.0/2.1
& ZS 70.5/73.0 64.7/60.7 65.0/63.8 60.7/64.4 5757528 64.0/582 51.5/50.0 38.6/323
%0 FS * /% 60.2/59.7 625/604  62.1/58.5 542/554 545/524 56.6/57.8 49.6/51.9
T ZS-CoT | 712/733 628/60.8 62.6/622 61.0/64.3 54.6/523 60.6/554 499/555 50.1/47.0
= FS-CoT * /% 61.3/599 58.6/60.1 61.5/63.3 55.1/49.9 55.1/48.1 52.6/57.2 47.3/40.7
o ZS 51.5/- 10.6 /- 1.717- 2.2/- 04/- 1.7/ - 1.3/- 0.4/-
% ZS-CoT 51.1/- 16.0 /- 1.717- 1.3/- 04/- 1.7/- 0.0/- 0.4/-

Table 1: Models tested in four modes. Arts and science results are separated by /. Bold indicates the best result among the
four mode on the same model, subject and question type. * stands for shuffle options, ** stands for adds distractor, - means no
questions, * indicates pending updates(GPT4 token limits). The abbreviations description: Chinese-Alpaca-plus(CN-Alpaca),
zero-shot(ZS), few-shot(FS), zero-shot-CoT(ZS-CoT), few-shot-CoT(FS-CoT) and Sorting(Sor.).

Model Acc FS SC| RA Hal Red Knowledge point Acc | Knowledge point Acc
GPT-4 29.8 855 11.3 837 97.7 84.6 Science of Heat 1.00 | Mechanics 0.93
ChatGPT 245 849 138 829 974 841 Mechanical Motion ~ 0.30 | Mass and Density ~ 0.17
InternLM 220 89.7 123 740 98.1 83.1 Knowledge of Force  0.40 | Elasticity 0.33
Baichuan 178 855 349 772 965 80.2 Energy 0.37 | Acoustics 0.95
ChatGLM2 | 220 853 135 828 978 855 Ultimate Questions 0.00 | Falsification Trial ~ 0.00
Science Practice 0.00 | Atomic Physics 0.00
Table 2: Results on CoT evaluation in Mathematic.
Faithfulness-Step (FS), Source-Consistency(SC), Reasoning Table 3: Accuracy of some Level-1 knowledge points in
Alignment (RA), Hallucination (Hal), Redundancy (Red). physics subject, results from ChatGLM?2 with zero-shot.
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BB EERME—RINR , AIL2XRET24FXK , F15KIETAS
TR, BREBFIEXRESOTK ? ERIFIHE

Question: The road repair team built a rural road, the first 12 days
to build 2.4 kilometers, the last 15 days to build 4.5 kilometers,
how many kilometers per day on average to build this road? The
correct column is

A.2.4/12 B.4.5/15 C.(2.4/12+4.5/15) D. (2.4+4.5)/(12+15)
Llama response: (Erroneous understanding—> Illogical answers)
WikLa5E:P={a,b,c,d,e} AKX , Q={b,c,e,f,g} FX, a\\not \in Q ,
d\\not \\in Q, \n\n1)Q...

Double choice: Given :P={a,b,c,d,e} closed region, Q={b,c,e,f,g}
closed region, a\\not \\in Q, d\\not \\in Q \n\n1)Q...

CN-Alpaca response: (Wrong solution = Problem-solving
errors)

ERERRE  CHELBRUT: \nl. BEHEHSRE—XKIESDXKAD
$2.58K/X ; \n2. AEEER—XIEAIERERLISEIZA0RTE , BEI
E9iEEE |, BI $\\dfrac{2.5} {12.5}=0.253% ¥K/F)......

The correct answer is: C solution steps are as follows: \nl. First,
calculate how many meters to repair every other day, that is,
$2.58meters/day;\n2. Then divide the distance repaired every
other day by the total repair time to get the average speed, that is
$\\dfrac{2.5} {12.5}=0.25%m/s...

Baichuan response: (Starts babbling > Gibberish outputs)
BEAERNEERENEEEDR... 1clerp txt ye lign gtr fw ms
hv spa kern size, FFLAABNEZE,

The first thing we need to solve is the average value problem... 1
cl cr p txt ye lign gtr fw ms hv spa kern size, so choose A.
InternLLM response: (Right solution)

BRIBEIIKEST (2.4+4.5) / (12+15) #u%D,

The average length of road built per day is equal to
(2.4+4.5)/(12+15), so choose D.

Figure 5: Examples of error question from different LLMs.
Due to the length, please zoom in the image for a better view.
Yellow indicates the marked errors, red signifies the type of
errors.

demonstrate diminished performance, this suggests that CoT
prompting does not necessarily improve results for many
subjects. The hypothesis for this behavior is that these two
instruction-tuned models did not incorporate CoT data dur-
ing their instruction tuning phase, which may have led to an
overfitting of the provided instruction data at the expense of
their CoT reasoning abilities (Huang et al. 2023).

Comparison on Data Regarding choice questions, it is
evident that shuffling the options has minimal impact on the
model’s performance, almost within a margin of 1 percent-
age point. This demonstrates that the models can compre-
hend the meaning of the questions and possess the ability to
reason to find the correct answer from a limited set of sim-
ple options. The differences between models may primarily
due to variations in their knowledge and reasoning capabil-
ities. However, the introduction of distractors significantly
impacts the outcomes of all models, resulting in a significant
decline, particularly noticeable in multiple-choice questions.
This observation attests to the heightened difficulty posed by
this approach, manifesting as reduced model ability when
encountering such questions. Through a comparative analy-
sis of Art and Science, we observe that the accuracy of Art
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questions consistently surpasses that of Science questions by
a margin exceeding 10 percentage points. This finding pro-
vides evidence that current LLMs excel in memory retention
and comprehension, while their logical reasoning abilities
remain comparatively deficient.

Comparison on Step-By-Step Reasoning We have se-
lected some models from the few-shot-CoT results to eval-
uate the inference steps. Note that the evaluation metric for
the inference step is only a relative reference score, and its
absolute value holds little significance. Based on the obser-
vations from Table 2, GPT-4 demonstrated the highest ac-
curacy and achieved the best results on Source-Consistency
and Reasoning Alignment, indicating its superior reasoning
ability. Reasoning Alignment is the most intuitive metric for
evaluating the reasoning steps. It is noteworthy that Chat-
GLM2 achieved a high alignment score despite its low ac-
curacy. Conversely, InternLM showed high accuracy but low
alignment scores. In response to this anomaly, we randomly
sampled the results of GPT-4, ChatGLM2 and InternLM,
conducted manual subjectivity evaluations for the models’
output. It mainly gives a score for the similarity between the
analyse and the model inference step. The subjective evalua-
tion scores were 1813, 2235 and 815, respectively, which are
consistent with the trend of the Reasoning Alignment score
and support the credibility of the evaluation metrics.

Results on Physics Level-1 Knowledge Point We con-
ducted an assessment of the accuracy of some level-1 knowl-
edge points in the junior high school Physics subject, based
on the results obtained from ChatGLM2-6B. In Table 3, it
is evident that ChatGLM2-6B exhibits a relatively limited
proficiency in certain knowledge points, including Ultimate
Questions, Falsification Trial, Science Practice and Atomic
Physics, all of which have an accuracy score of 0. The accu-
racy analysis of all knowledge points effectively guides the
model toward enhancing its own capabilities. Moreover, the
deficient segments can be offset by incorporating pertinent
data from knowledge points that exhibit lower accuracy.

Conclusion

We introduced the Knowledge Graph Based Benchmark, a
new comprehensive benchmark based on a self-developed
knowledge graph that measures how well the overall ca-
pacity of LLMs acquire and apply the K12 domain knowl-
edge. Our Benchmark covers 9 subjects covering 584 level-
1 knowledge points and 1,989 further fine-grained level-2
knowledge points, with 39,452 different types of questions.
We explore 8 different cutting edge LLMs on our bench-
mark, these models span a range of sizes,including 6B, 7B,
13B, 16B, 65B and so on, containing pretrained models and
finetuning models. Among several evaluation setups, differ-
ent types of questions and scoring step-by-step reasoning,
we have extensively explored the issue of incomplete cover-
age of K12 education topics in LLMs and wish to identify
optimization pathways to address certain knowledge gaps.



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Acknowledgements

This work was supported by National Key R&D Program of
China, under Grant No. 2020AAA0104500.

References
An, C.; Gong, S.; Zhong, M.; Li, M.; Zhang, J.; Kong, L.;
and Qiu, X. 2023. L-Eval: Instituting Standardized Evalua-
tion for Long Context Language Models. arXiv:2307.11088.

Bisk, Y.; Zellers, R.; Gao, J.; Choi, Y.; et al. 2020. Piga: Rea-
soning about physical commonsense in natural language.
In Proceedings of the AAAI conference on artificial intel-
ligence, volume 34:05, 7432-7439.

Chiang, W.-L.; Li, Z.; Lin, Z.; Sheng, Y.; Wu, Z.; Zhang, H.;
Zheng, L.; Zhuang, S.; Zhuang, Y.; Gonzalez, J. E.; Stoica,
I; and Xing, E. P. 2023. Vicuna: An Open-Source Chatbot
Impressing GPT-4 with 90%* ChatGPT Quality.

Cobbe, K.; Kosaraju, V.; Bavarian, M.; Chen, M.; Jun, H.;
Kaiser, L.; Plappert, M.; Tworek, J.; Hilton, J.; Nakano, R.;
Hesse, C.; and Schulman, J. 2021. Training Verifiers to
Solve Math Word Problems. arXiv:2110.14168.

Deng, M.; Tan, B.; Liu, Z.; Xing, E. P.; and Hu, Z. 2021.
Compression, transduction, and creation: A unified frame-
work for evaluating natural language generation. arXiv
preprint arXiv:2109.06379.

Du, Z.; Qian, Y.; Liu, X.; Ding, M.; Qiu, J.; Yang, Z.; and
Tang, J. 2022. GLM: General Language Model Pretraining
with Autoregressive Blank Infilling. In Proceedings of the
60th Annual Meeting of the Association for Computational
Linguistics (Volume 1: Long Papers), 320-335.

Gao, T.; Yao, X.; and Chen, D. 2021. Simcse: Simple con-
trastive learning of sentence embeddings. arXiv preprint
arXiv:2104.08821.

Golovneva, O.; Chen, M.; Poff, S.; Corredor, M.; Zettle-
moyer, L.; Fazel-Zarandi, M.; and Celikyilmaz, A. 2022.
Roscoe: A suite of metrics for scoring step-by-step reason-
ing. arXiv preprint arXiv:2212.07919.

Gu, Z.; Zhu, X.; Ye, H.; Zhang, L.; Wang, J.; Jiang, S.;
Xiong, Z.; Li, Z.; He, Q.; Xu, R.; et al. 2023. Xiezhi: An
Ever-Updating Benchmark for Holistic Domain Knowledge
Evaluation. arXiv preprint arXiv:2306.05783.

Hendrycks, D.; Basart, S.; Kadavath, S.; Mazeika, M.;
Arora, A.; Guo, E.; Burns, C.; Puranik, S.; He, H.; Song,
D.; et al. 2021a. Measuring coding challenge competence
with apps. arXiv preprint arXiv:2105.09938.

Hendrycks, D.; Basart, S.; Kadavath, S.; Mazeika, M.;
Arora, A.; Guo, E.; Burns, C.; Puranik, S.; He, H.; Song,
D.; et al. 2021b. Measuring coding challenge competence
with apps. arXiv preprint arXiv:2105.09938.

Huang, L.; Bras, R. L.; Bhagavatula, C.; and Choi, Y.
2019.  Cosmos QA: Machine reading comprehension
with contextual commonsense reasoning. arXiv preprint
arXiv:1909.00277.

Huang, Y.; Bai, Y.; Zhu, Z.; Zhang, J.; Zhang, J.; Su, T.;
Liu, J.; Lv, C.; Zhang, Y.; Lei, J.; et al. 2023. C-Eval: A
Multi-Level Multi-Discipline Chinese Evaluation Suite for
Foundation Models. arXiv preprint arXiv:2305.08322.

19438

Ji, Y.; Deng, Y.; Gong, Y.; Peng, Y.; Niu, Q.; Zhang, L.;
Ma, B.; and Li, X. 2023. Exploring the Impact of In-
struction Data Scaling on Large Language Models: An Em-
pirical Study on Real-World Use Cases. arXiv preprint
arXiv:2303.14742.

Joshi, M.; Choi, E.; Weld, D. S.; and Zettlemoyer, L.
2017. Triviaga: A large scale distantly supervised chal-
lenge dataset for reading comprehension. arXiv preprint
arXiv:1705.03551.

Kojima, T.; Gu, S. S.; Reid, M.; Matsuo, Y.; and Iwasawa,
Y. 2022. Large language models are zero-shot reason-

ers. Advances in neural information processing systems, 35:
22199-22213.

Lai, G.; Xie, Q.; Liu, H.; Yang, Y.; and Hovy, E. 2017.
RACE: Large-scale ReAding Comprehension Dataset From
Examinations. arXiv:1704.04683.

Laurer, M.; van Atteveldt, W.; Casas, A.; and Welbers, K.
2022. Less Annotating, More Classifying: Addressing the
Data Scarcity Issue of Supervised Machine Learning with
Deep Transfer Learning and BERT-NLI. Political Analysis,
1-33.

Li, H.; Zhang, Y.; Koto, F.; Yang, Y.; Zhao, H.; Gong,
Y.; Duan, N.; and Baldwin, T. 2023. CMMLU: Measur-
ing massive multitask language understanding in Chinese.
arXiv:2306.09212.

Liang, P.; Bommasani, R.; Lee, T.; Tsipras, D.; Soylu, D.;
Yasunaga, M.; Zhang, Y.; Narayanan, D.; Wu, Y.; Kumar,
A.; et al. 2022. Holistic evaluation of language models.
arXiv preprint arXiv:2211.09110.

Lin, S.; Hilton, J.; and Evans, O. 2021. Truthfulqa: Measur-
ing how models mimic human falsehoods. arXiv preprint
arXiv:2109.07958.

Liu, C.; Jin, R.; Ren, Y.; Yu, L.; Dong, T.; Peng, X.; Zhang,
S.; Peng, J.; Zhang, P.; Lyu, Q.; et al. 2023. M3KE: A
Massive Multi-Level Multi-Subject Knowledge Evaluation
Benchmark for Chinese Large Language Models. arXiv
preprint arXiv:2305.10263.

Nye, M.; Andreassen, A. J.; Gur-Ari, G.; Michalewski, H.;
Austin, J.; Bieber, D.; Dohan, D.; Lewkowycz, A.; Bosma,
M.; Luan, D.; Sutton, C.; and Odena, A. 2021. Show Your
Work: Scratchpads for Intermediate Computation with Lan-
guage Models. arXiv:2112.00114.

OpenAl. 2023a. ChatGPT: Optimizing Language Models
for Dialogue. https://openai.com/blog/chatgpt.

OpenAl.  2023b. GPT-4
arXiv:2303.08774.

Paperno, D.; Kruszewski, G.; Lazaridou, A.; Pham, Q. N.;
Bernardi, R.; Pezzelle, S.; Baroni, M.; Boleda, G.; and
Fernandez, R. 2016. The LAMBADA dataset: Word pre-
diction requiring a broad discourse context. arXiv preprint
arXiv:1606.06031.

Scao, T. L.; Fan, A.; Akiki, C.; Pavlick, E.; Ili¢, S.; Hesslow,
D.; Castagné, R.; Luccioni, A. S.; Yvon, F.; Gallé, M_; et al.
2022. Bloom: A 176b-parameter open-access multilingual
language model. arXiv preprint arXiv:2211.05100.

Technical  Report.



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Srivastava, A.; Rastogi, A.; Rao, A.; Shoeb, A. A. M.; Abid,
A.; Fisch, A.; Brown, A. R.; Santoro, A.; Gupta, A.; Garriga-
Alonso, A.; et al. 2022. Beyond the imitation game: Quanti-
fying and extrapolating the capabilities of language models.
arXiv preprint arXiv:2206.04615.

Sun, T.; Zhang, X.; He, Z.; Li, P.; Cheng, Q.; Yan, H.; Liu,
X.; Shao, Y.; Tang, Q.; Zhao, X.; Chen, K.; Zheng, Y.; Zhou,
Z.;Li, R.; Zhan, J.; Zhou, Y.; Li, L.; Yang, X.; Wu, L.; Yin,
Z.; Huang, X.; and Qiu, X. 2023. MOSS: Training Conver-
sational Language Models from Synthetic Data.

Taori, R.; Gulrajani, I.; Zhang, T.; Dubois, Y.; Li, X
Guestrin, C.; Liang, P.; and Hashimoto, T. B. 2023. Stan-
ford alpaca: An instruction-following llama model.

Touvron, H.; Lavril, T.; Izacard, G.; Martinet, X.; Lachaux,
M.-A.; Lacroix, T.; Roziere, B.; Goyal, N.; Hambro, E.;
Azhar, F; et al. 2023. Llama: Open and efficient founda-
tion language models. arXiv preprint arXiv:2302.13971.

Wang, A.; Pruksachatkun, Y.; Nangia, N.; Singh, A.;
Michael, J.; Hill, F;; Levy, O.; and Bowman, S. 2019. Su-
perglue: A stickier benchmark for general-purpose language
understanding systems. Advances in neural information pro-
cessing systems, 32.

Wang, A.; Singh, A.; Michael, J.; Hill, F;; Levy, O.; and
Bowman, S. R. 2018. GLUE: A multi-task benchmark and
analysis platform for natural language understanding. arXiv
preprint arXiv:1804.07461.

Wei, J.; Wang, X.; Schuurmans, D.; Bosma, M.; Chi, E;
Le, Q.; and Zhou, D. 2022. Chain of thought prompting
elicits reasoning in large language models. arXiv preprint
arXiv:2201.11903.

Wei, J.; Wang, X.; Schuurmans, D.; Bosma, M.; Ichter, B.;
Xia, F.; Chi, E.; Le, Q.; and Zhou, D. 2023. Chain-of-
Thought Prompting Elicits Reasoning in Large Language
Models. arXiv:2201.11903.

Xu, C.; Guo, D.; Duan, N.; and McAuley, J. 2023. Baize: An
Open-Source Chat Model with Parameter-Efficient Tuning
on Self-Chat Data. arXiv preprint arXiv:2304.01196.

Xu, L.; Hu, H.; Zhang, X.; Li, L.; Cao, C.; Li, Y.; Xu, Y;
Sun, K.; Yu, D.; Yu, C.; et al. 2020. CLUE: A Chinese lan-
guage understanding evaluation benchmark. arXiv preprint
arXiv:2004.05986.

Xu, L.; Lu, X.; Yuan, C.; Zhang, X.; Xu, H.; Yuan, H.;
Wei, G.; Pan, X.; Tian, X.; Qin, L.; et al. 2021. Fewclue:
A chinese few-shot learning evaluation benchmark. arXiv
preprint arXiv:2107.07498.

Yang, L.; Zhang, S.; Qin, L.; Li, Y.; Wang, Y.; Liu, H.;
Wang, J.; Xie, X.; and Zhang, Y. 2022. GLUE-X: Evaluat-
ing Natural Language Understanding Models from an Out-

of-distribution Generalization Perspective. arXiv preprint
arXiv:2211.08073.

Yuan, W.; Neubig, G.; and Liu, P. 2021. Bartscore: Evalu-
ating generated text as text generation. Advances in Neural
Information Processing Systems, 34: 27263-272717.

Zeng, H. 2023. Measuring Massive Multitask Chinese Un-
derstanding. arXiv preprint arXiv:2304.12986.

19439

Zhang, X.; Li, C.; Zong, Y.; Ying, Z.; He, L.; and Qiu, X.
2023. Evaluating the Performance of Large Language Mod-
els on GAOKAO Benchmark. arXiv:2305.12474.

Zhao, W.; Shang, M.; Liu, Y.; Wang, L.; and Liu, J. 2020.
Ape210K: A Large-Scale and Template-Rich Dataset of
Math Word Problems. arXiv:2009.11506.

Zhong, W.; Cui, R.; Guo, Y.; Liang, Y.; Lu, S.; Wang,
Y.; Saied, A.; Chen, W.; and Duan, N. 2023. AGIEval:
A Human-Centric Benchmark for Evaluating Foundation
Models. arXiv preprint arXiv:2304.06364.



