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Abstract

The recent advances in natural language processing (NLP), have led to a new trend
of applying large language models (LLMs) to real-world scenarios. While the
latest LLMs are astonishingly fluent when interacting with humans, they suffer
from the misinformation problem by unintentionally generating factually false
statements. This can lead to harmful consequences, especially when produced
within sensitive contexts, such as healthcare. Yet few previous works have fo-
cused on evaluating misinformation in the long-form (LF) generation of LLMs,
especially for knowledge-intensive topics. Moreover, although LLMs have been
shown to perform well in different languages, misinformation evaluation has been
mostly conducted in English. To this end, we present a benchmark, CARE-MI, for
evaluating LLM misinformation in: 1) a sensitive topic, specifically the maternity
and infant care domain; and 2) a language other than English, namely Chinese.
Most importantly, we provide an innovative paradigm for building LF generation
evaluation benchmarks that can be transferred to other knowledge-intensive do-
mains and low-resourced languages. Our proposed benchmark fills the gap between
the extensive usage of LLMs and the lack of datasets for assessing the misinfor-
mation generated by these models. It contains 1,612 expert-checked questions,
accompanied with human-selected references. Using our benchmark, we conduct
extensive experiments and found that current Chinese LLMs are far from perfect
in the topic of maternity and infant care. In an effort to minimize the reliance
on human resources for performance evaluation, we offer off-the-shelf judgment
models for automatically assessing the LF output of LLMs given benchmark ques-
tions. Moreover, we compare potential solutions for LF generation evaluation
and provide insights for building better automated metrics. Code and models are
available at https://github.com/Meetyou-AI-Lab/CARE-MI.

1 Introduction

Over the past few years, the community witnesses the rise of pretrained autoregressive large language
models (LLMs) [Brown et al., 2020a, Lieber et al., 2021, Rae et al., 2021, Smith et al., 2022]. These
mega models have shown transcendent power [Singhal et al., 2022], achieving and even surpassing
human performance in a breadth of tasks [Clark et al., 2019, Rajpurkar et al., 2018, 2016, Wang et al.,
2019], and cover various possible application scenarios such as code generation [Bommasani et al.,
2021], healthcare chatbots [Nuance, 2023] and keyword matching [OpenAI, 2022].
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As the size of LLMs continues to grow, the potential harms caused by model-generated text are of
increasing concern [Bender et al., 2021, Bommasani et al., 2021, Dinan et al., 2021, Kenton et al.,
2021]. A comprehensive taxonomy of ethical risks associated with recent LLMs is introduced in
[Weidinger et al., 2022]. One of its most pressing concerns is the risk of misinformation, stemming
from the generation of erroneous, deceptive, irrational, or substandard information, defined as LLM
outputting false, misleading, nonsensical or poor quality information, without malicious intent of the
users.2 Potential harms of misinformation range from deceiving a person, causing physical damage,
and amplifying the society’s distrust on the usage of LLM-incorporated systems [Weidinger et al.,
2022]. For example, Galactica [Taylor et al., 2022], an LLM trained using a wide range of scientific
sources including papers, reference materials, knowledge bases, etc., was reported3 to generate a
fake study about the benefits of eating crushed glass. The aforementioned instance highlights the
limitations of current LLMs in consistently delivering factually correct responses to user queries, a
deficiency that potentially yield hazardous outcomes.

Despite the existence of several prior analyses, concerns are still far from being fully resolved. First of
all, the evaluation of misinformation harm in existing LLMs has been conducted only using relatively
simple formats such as multiple-choice (MC) question-answering (QA) task [Hendrycks et al., 2021a]
or cloze task [Petroni et al., 2019a]. These tasks are usually either formalized as a completion task,
where LLMs are required to predict only a single token instead of generating full sentences, or using
relatively simple evaluation metrics, e.g., accuracy, perplexity [Dinan et al., 2019], ROUGE score [Lin,
2004] and BLEU score [Khashabi et al., 2021a], for the ease of evaluation [Hendrycks et al., 2021b].
In the context of long-form (LF)4 generation, Zhang et al. [2023] found that an incorrectly generated
token at the outset will often be followed by a subsequent erroneous explanation; more generally,
LLMs are reported to have the tendency to generate false statements, ranging from subtle inaccuracies
to blatantly inauthentic claims [Lin et al., 2022]. These phenomena highlight the importance of
conducting LF generation evaluations for LLMs. Yet, there are no sufficient datasets available for
such evaluations, especially in knowledge-intensive domains. Furthermore, due to the unbalanced
distribution in available language-related resources [Zeng et al., 2023], a substantial number of
existing datasets and benchmarks only focus on measuring the misinformation in English, which
impedes similar evaluations from being performed in other languages. A brief summary of previous
datasets on misinformation evaluation is shown in Table 1; even though some of them are not initially
designed for misinformation evaluation, we found that they can be easily used for it.

To motivate the misinformation evaluation on LLMs, we propose Chinese benchmARk for misinfor-
mation Evaluation in Maternity and Infant care (CARE-MI), a benchmark to test medical-related
misinformation of LLMs in Chinese. CARE-MI specifically focuses on the sub-domain of maternity
and infant care, a topic in which users are prone to generate questions, especially expectant and
first-time parents, about multiple issues, e.g., pregnancy and/or baby-related illnesses, symptoms,
milestones, etc., and in which LLMs should respond factually and without errors. Although there are
already existing datasets focusing on the medical domain, until now, there is no benchmark suitable
for evaluating misinformation on such an important and sensitive topic as the maternity and infant
care, neither in English nor in Chinese. The closest dataset to CARE-MI is MATINF [Xu et al.,
2020a], which, differently from us, focuses on community QA and contains neither expert-level
annotations nor supporting evidence documents, making it not suitable for misinformation evaluation.
Our benchmark, however, is not designed for directly evaluating user-LLM interactions, as most
of our questions require expert-level knowledge and contain medical norms, but it is a necessary
prerequisite for LLMs to perform well in those cases.

Additionally, we conduct an extensive evaluation on recent Chinese LLMs. The results indicate that
all current models are not able to maintain an acceptable performance while answering domain-related
questions. We further explore the paradigm for automatic evaluation on LF generation of LLMs

2This undesired phenomenon of LLMs sometimes is called hallucination by some previous work [Ji et al.,
2023a], a term that is initially mentioned in the context of psychology, defined as "percept, experienced by a
waking individual, in the absence of an appropriate stimulus from the extracorporeal world" by Blom [2010].
However, we stick to the description of misinformation throughout our paper for consistency.

3https://news.yahoo.com/meta-ai-bot-contributed-fake-212500291.html
4LF generation is a widely used concept [Fan et al., 2019], referred as generation of text that "span multiple

sentences" or "paragraph-length". We found no stringent standard that can be utilized to distinguish LF generation
against shorter ones; however, we put nearly no limitation on models’ generation, i.e., we let the models generate
sentences at will until maximum length is reached. See Appendix B.6 for more details.
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Table 1: A brief summary of datasets in misinformation evaluation. LF: whether the dataset is
designed for LF generation task; Supervised: whether the dataset construction involves human
supervision. αWe refer to the selected samples that have been annotated by annotators. βWe are only
referring to the expert annotated part of PubMedQA. γFor Chinese mentioned here, we are referring
to both traditional and simplified Chinese.

Dataset Language #Question LF Supervised

Multiple
COMMONSENSEQA [Talmor et al., 2019] English 12,247 ✗ ✓
Wizard of Wikipedia [Dinan et al., 2019] English 201,999 ✓ ✗
LAMA [Petroni et al., 2019b] English - ✗ ✗
NQ [Kwiatkowski et al., 2019] English 323,045 ✓ ✓
ELI5 [Fan et al., 2019] English ≈272,000 ✓ ✗
MMLU [Hendrycks et al., 2021a] English 15,908 ✗ ✗
COM2SENSE [Singh et al., 2021] English ≈4,000 ✗ ✓
GOOAQ [Khashabi et al., 2021b] English ≈3,100,000 ✓ ✗
KMIR [Gao et al., 2022] English 16,000α ✗ ✓
TruthfulQA [Lin et al., 2022] English 817 ✓ ✓
ScienceQA [Lu et al., 2022] English 21,208 ✗ ✓
M3KE [Liu et al., 2023] Chinese 20,477 ✗ ✗

Legal
JEC-QA [Zhong et al., 2019] Chinese 26,365 ✗ ✗
CaseHOLD [Zheng et al., 2021] English 53,137 ✗ ✗

Medical
cMedQA2 [Zhang et al., 2018] Chinese 108,000 ✓ ✗

PubMedQA [Jin et al., 2019] English ≈1,000β ✗ ✓
MATINF [Xu et al., 2020a] Chinese ≈1,070,000 ✗ ✗
MEDQA [Jin et al., 2020] Chinese/Englishγ 61,097 ✗ ✓
CMeIE [Guan et al., 2020] Chinese 22,406 ✗ ✓
BioLAMA [Sung et al., 2021] English ≈49,000 ✗ ✗
MLEC-QA [Li et al., 2021a] Chinese 136,236 ✗ ✓
CARE-MI (ours) Chinese 1,612 ✓ ✓

as a completion to the benchmark dataset for the purpose of efficient and accurate evaluation. We
test multiple judgment models trained on the same set of questions as in the benchmark, with 1)
synthetically generated positive and negative answers, and 2) expert-level annotations on the models’
outputs, and 3) expert-annotated knowledge. The whole pipeline, encompassing the development of
the benchmark and the training of the judgment model, can also serve as an innovative paradigm for
creating similar benchmarks in other knowledge-intensive domains or low-resourced languages.

2 CARE-MI data acquisition

With no existing datasets on the topic (maternity and infant care), language (Chinese), and task
(misinformation evaluation in LF generation) of interest, we construct CARE-MI from multiple data
sources. We utilize two knowledge graph (KG) datasets and two MCQA datasets as our data sources.
The collected data is then filtered to align with our focused topic.

KG datasets We rely on two medical-based KG datasets in Chinese: Bio-Medical Informatics
Ontology System (BIOS) [Yu et al., 2022] and CPubMed [CPu, 2021], both of which come with
<head, relation, tail> triplets. BIOS is a machine-generated bio-medical KG built on top of
the abstracts and central articles from PubMed,5 which is a search engine for bio-medical articles.
Both head and tail in BIOS are concepts representing the nodes in the KG; each concept includes
multiple terms that are considered synonymous. In total, it contains 4.1 million concepts, 7.4 million
terms, and 7.3 million relations. As the data is gathered from PubMed, BIOS triplets are collected in
English and later translated into Chinese [Luo et al., 2021]; translation quality is ensured by applying
back-translation and filtering out samples with low confidence. On the other hand, CPubMed is an

5https://pubmed.ncbi.nlm.nih.gov/
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Table 2: QA pair examples in MCQA datasets. Q. stands for question and A. for answer. The correct
answers are underlined. English translations are shown for reference.

Source Example

MLEC-QA

Q.

男婴，2个月，生后20天开始出现呕吐，进行性加重，有时呈喷射性，多发
性于喂奶后半小时之内，呕吐物多为奶凝块，不含胆汁，吐后食欲极好，但
体重不增。考虑的诊断是 ( )
A 2-month-old male infant, who started experiencing vomiting 20 days after birth.
The vomiting progressively worsened, sometimes with projectile vomiting, mostly
occurring within half an hour after breastfeeding. The vomit often contains milk
curds but not bile. After vomiting, the baby has an excellent appetite, but his weight
does not increase. The considered diagnosis is ( )

A.

A.先天性肥厚性幽门狭窄
B.先天性肠扭转不良
C.胃食管反流病
D.十二指肠溃疡
E.肠套叠

A. Congenital hypertrophic pyloric stenosis
B. Congenital intestinal malrotation
C. Gastroesophageal reflux disease
D. Duodenal ulcer
E. Intussusception

MEDQA
Q.

唯一能通过胎盘进入胎儿体内的免疫球蛋白是 ( )
The only immunoglobulin that can pass through the placenta and enter thefetus is
( )

A. A. IgM B. IgG C. IgA D. IgE

open-source KG dataset constructed by the full-text Chinese periodical data of the Chinese Medical
Association.6 It contains more than 1.7 million entities and around 4.4 millions of triplets. Examples
of BIOS and CPubMed triplets can be found in Appendix B.2.

MCQA datasets Bio-medical KGs inherently entail factual information about the medical domain,
yet the information is limited due to the intrinsic format of triadic representation. To collect more
complex samples, we further include two Chinese bio-medical MCQA datasets: MLEC-QA [Li
et al., 2021b] and MEDQA [Jin et al., 2020]. Both datasets are collected from the National Medical
Licensing Examination in China (NMLEC), which is a Chinese official exam to evaluate professional
knowledge and skills for medical and clinical practitioners [Li et al., 2021b]. Samples from these
datasets can be categorized into several bio-medical sub-domains. Specifically, MLEC-QA covers
Clinic, Stomatology, Public Health, Traditional Chinese Medicine, and Chinese Western Medicine
domains, while MEDQA only covers the sub-field of Clinic. For MLEC-QA, we select samples from
Clinic, Public Health, and Stomatology and exclude the rest. Examples can be found in Table 2.

Topic filtering To ensure that the collected data is related to the domain of maternity and infant
care, we filter the samples according to their topics. We rely on four existing word-lists to determine
the topic of each sample; the details can be found in Appendix B.3. We first translate the English
word-lists into Chinese and then aggregate all the word-lists into a single one. To ensure relevancy,
we manually check each word and only keep those ones that are exclusively related to the topic. In
total, the aggregated word-list contains 238 Chinese domain-related words after deduplication. We
then use the aggregated word-list to perform the domain filtering. For KG datasets, we only keep
triplets where both head and tail are included in the aggregated word-list. For MCQA datasets, we
retain only the samples that contain at least one domain-related word from the aggregated word-list,
either in the question or in the candidate answers. We further carry out deduplication for the samples
from MEDQA and MLEC-QA as they originate from the same source; here we only remove the
duplicated samples from MLEC-QA and leave MEDQA untouched. In total, we obtain 79 samples
from BIOS, 497 samples from CPubMed, 1,634 samples from MEDQA and 1,349 from MLEC-QA;
these samples serve as the initial set for the subsequent benchmark construction.

6https://en.cma.org.cn/
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3 CARE-MI benchmark

We construct the CARE-MI benchmark on top of the samples acquired in Section 2. The benchmark
is based on two parts: a synthetic data generation process and a set of judgment models. With the syn-
thetic data generation process, we create samples in the desired format for misinformation evaluation
on LLMs. Then, empowered by the judgment model (see Section 4.3), we offer an automated metric
for efficient and accurate LF generation evaluation, aiming to simplify human-based evaluation which
is not only expensive but time-consuming. Note that both the synthetic data generation process and
the judgment model construction are domain-agnostic and can be easily applied to other misinfor-
mation evaluation topics. In total, CARE-MI benchmark contains 1,612 samples; it is intended for
LF generation evaluation under zero-shot [Wei et al., 2022, Brown et al., 2020b] setting. Statistics
regarding the question length can be found in Figure 1. More details can be found in Appendix B.1.
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Figure 1: Statistics of the questions in CARE-MI. Left: average question lengths for each source
(average over all questions is shown in gray). Right: question length distribution.

The synthetic data generation process is summarized in Figure 2. It consists of five components:
1) true statement generation, 2) false statement generation, 3) question generation, 4) knowledge
retrieval, and 5) expert annotation.

True statement generation We define true statements as sentences that are evidence-based and
factually correct, for example, Placenta previa may potentially lead to preterm birth. We generate true
statements from the samples collected in Section 2. For samples from KG datasets, we build the true
statements heuristically from the triplets with rule-based methods. For samples from MCQA datasets,
we formalize the generation of true statements as a QA2D task where the model is required to perform
sentence transformations to combine the question and answer into a declarative sentence [Demszky
et al., 2018]. The generation is done by using the combination of the rule-based method and an off-
the-shelf model for simple cases such that the question from the QA pair ends with a pre-defined set
of tokens such as "是" (referred as is in English), we directly concatenate the question with the answer
as the synthetic true statement; otherwise, the generation is done using the GPT-3.5-turbo [OpenAI,
2023a]. Details regarding the implementation of the rule-based system can be found in our code
repository; details about the prompts for true statement generation are in Appendix B.8.

False statement generation Similar to the definition of true statement, we define false statements
as sentences that are factually incorrect, for example, progesterone is not a hormone. We approach
the construction in two different ways: negation and replacement, corresponding to two types of
false statements. For negated false statements, the generation is done on all available generated
true statements where we generate the false statements by directly performing negation on the
corresponding true ones; this construction procedure is also done by combining a rule-based method
with applying the GPT-3.5-turbo and the details can be found in our code repository. We only generate
false statements with replacement for samples that originally come from MCQA datasets; we generate
the false statements by replacing the correct answers in the generated true statements with randomly
selected wrong answers from the corresponding MC options. Our prompts utilized for generating
negated statements can be found in Appendix B.7.

Question generation We generate questions based on the true statements. We rely on LLMs as
their instruction-following ability allows us to generate questions efficiently instead of using resource-
consuming fine-tuning methods. To select the best LLM for question generation, we experimentally
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Figure 2: CARE-MI construction process. Data generation components are shown on green back-
ground, whereas the final benchmark samples are shown on orange background.

compare three LLMs available in Chinese: GPT-3.5-turbo, ChatGLM-6B [Du et al., 2022a, Zeng
et al., 2022] and ChatYuan [ClueAI, 2023]. For this experiment, we evaluate the model performance
on the BIOS dataset (See Appendix B.4 for more details) and select ChatYuan as the final choice.

ZH: 青春期无排卵型功血的治疗原则是止血、调整周期。
EN: The treatment principle of adolescent anovulation type working blood is to stop bleeding and adjust the cycle.

ZH: 青春期无排卵型功血的治疗原则是止血和调整周期吗？
EN: Is the treatment principle of adolescent anovulation type working blood to stop bleeding and adjust the cycle?

ZH: 青春期无排卵型功血的治疗原则是什么？
EN: What is the principle of treatment of adolescent anovulation type working blood?

True
statements

TF
questions

OE
questions

Figure 3: An example of generated questions in MLEC-QA datasets. ZH and EN stands for Chinese
and English. English sentences are translated for reference.

Table 3: Number of generated
questions for CARE-MI.

Source TF OE

BIOS 79 -
CPubMed 497 -
MLEC-QA 1,333 907
MEDQA 1,617 1,346

Total 3,526 2,253

We generate two types of questions: True/False (TF) questions
and open-ended (OE) questions. TF questions only admit binary
answers, either agreeing or disagreeing with the statement in the
question, while OE questions allow a variety of response styles.
More specifically, we use ChatYuan along with a rule-based method
to generate both TF and OE questions for MCQA samples while
we only generate TF questions for KG samples (See Appendix B.4
for details). Information about the generated questions is shown in
Table 3. In total, we generate 2,240 and 2,963 questions for MLEC-
QA and MEDQA datasets, and 79 and 497 questions for BIOS and
CPubMed datasets, respectively. Figure 3 shows an example of
generated questions in the MLEC-QA dataset.

Knowledge retrieval Maternity and infant care is a critical subject matter wherein the dissemination
of misinformation could endanger lives. In our benchmark, we include external knowledge in each
sample to provide auxiliary information, not only for models but also for humans, allowing suitable
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inferences on the veracity of the statements to be made. To achieve this, we apply BM25 [Robertson
and Zaragoza, 2009] to obtain relevant knowledge from given knowledge sources based on the queries.
We use two sources for knowledge bases: the Chinese Wikipedia7 and Medical books collected by Jin
et al. [2020]. We conduct topic filtering for Chinese Wikipedia as it originally contains a huge amount
of pages that might not be relevant to the topic of maternity and infant care. During the knowledge
retrieval, queries are the concatenation of the questions and the corresponding true statements. We
conduct the retrieval on paragraph level; to account for differences between the two knowledge
sources, we retrieve the top three most relevant paragraphs from both sources, respectively.

Expert annotation We hire two medical-domain experts as annotators to review the generated
samples and a third meta-annotator to arbitrate their disagreement. The annotators are instructed to
answer a series of guiding questions. The guideline including rules and procedures that annotators
should follow as well as the inter-annotator agreements are detailed in Appendix A.1. We ask them to
evaluate 5,779 synthetic samples, and we discard those that receive two or more negative evaluations.
After the expert annotation, the benchmark is downsized to 1,612 samples.

4 Experiments

We evaluate Chinese LLMs with respect to misinformation in LF generation using our proposed
benchmark. Experiments are done in the form of single-round conversation where we feed models
with questions and collect the direct output from the corresponding model. We perform the evaluation
under the true zero-shot [Lin et al., 2022] setting: for each model, the input is a question from our
benchmark, without any additional instruction and examples; prompt and hyperparameters are not
tuned in any way. All questions in CARE-MI are used in the evaluation.

4.1 Experimental details

Models As our goal is to evaluate the LLM misinformation in LF generation, we focus on the
evaluation of autoregressive language models that are trained for generation tasks, as opposed to
masked language models like BERT [Devlin et al., 2019] or RoBERTa [Liu et al., 2019]. We evaluate
Chinese LLMs that have been specifically tuned for conversation scenarios, either by supervised
fine-tuning (SFT) or reinforcement learning with human feedback (RLHF) as we aim at measuring
the misinformation occurring when the models directly interact with humans. We include ChatGLM-
6B [Zeng et al., 2022, Du et al., 2022a], MOSS-16B-SFT [Sun and Qiu, 2023], two variants of the
BELLE [Ji et al., 2023b,c] series, a.k.a BELLE-7B-0.2M and BELLE-7B-2M, and two models from
the GPT family, GPT-3.5-turbo [OpenAI, 2023a] and GPT-4 [OpenAI, 2023b]. We also include
a LLaMA [Touvron et al., 2023] model which we perform further pretraining on Chinese corpus
including CLUECorpus2020 [Xu et al., 2020b], Chinese Scientific Literature Dataset [Li et al.,
2022], Chinese Wikipedia7, RedPajama-Data [Computer, 2023], etc., and fine-tuning on translated
ShareGPT [RyokoAI, 2023], Aplaca-GPT4 [Peng et al., 2023] and WizardLM [Xu et al., 2023]. We
denote this version as LLaMA-13B-T. More details regarding the parameter settings can be found in
Appendix B.5. Finally, we recruit a domain expert to act as a human baseline; we randomly select
200 questions from the benchmark and let the expert answer them correspondingly; the selected
samples are collected strictly following their original distribution in the benchmark regarding their
sources. The expert is allowed to check any resource that is necessary and is suggested to finish each
question within 2 minutes.

Evaluation metrics Unlike Lin et al. [2022] who consider an answer to be truthful if and only if
it avoids asserting a false statement and thus allows non-committal answers such as No comments
and I don’t know as legal truthful answers, we follow the human evaluation framework similar to
what has been explored in [Lu et al., 2022]. For each model-generated answer, we recruit three
medical-domain expert-level annotators to evaluate the following two aspects:

1. Correctness: given a question, whether the answer is factually correct and relevant.

2. Interpretability: given a question, whether the answer contains a detailed and concise
explanation that demonstrates how the conclusion was reached.

7https://dumps.wikimedia.org/zhwiki/
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Table 4: Average correctness scores for all models and human baseline. Deeper color indicates
better performance. †We only randomly select 200 questions for human evaluation.

Model All BIOS CPubMed MLEC-QA MEDQA
MOSS-16B-SFT (2023) 0.671±0.321 0.930±0.121 0.925±0.166 0.644±0.332 0.639±0.316
ChatGLM-6B (2022b) 0.610±0.333 0.928±0.116 0.748±0.264 0.579±0.346 0.599±0.328
BELLE-7B-2M (2023b) 0.647±0.315 0.843±0.268 0.928±0.175 0.631±0.314 0.605±0.311
BELLE-7B-0.2M (2023b) 0.670±0.316 0.947±0.095 0.942±0.141 0.624±0.335 0.646±0.302
GPT-4 (2023b) 0.867±0.215 0.958±0.125 0.967±0.124 0.851±0.233 0.858±0.211
GPT-3.5-turbo (2023a) 0.824±0.263 0.973±0.108 0.948±0.160 0.799±0.279 0.815±0.263
LLaMA-13B-T (2023) 0.709±0.301 0.871±0.235 0.922±0.178 0.678±0.311 0.689±0.297

Human Baseline† 0.938±0.213 1.000±0.000 1.000±0.000 0.945±0.196 0.908±0.262

Table 5: Average interpretability scores for all models. Deeper color indicates better performance.

Model All BIOS CPubMed MLEC-QA MEDQA
MOSS-16B-SFT (2023) 0.746±0.229 0.920±0.115 0.883±0.154 0.726±0.245 0.731±0.222
ChatGLM-6B (2022b) 0.730±0.251 0.929±0.112 0.779±0.248 0.705±0.263 0.734±0.242
BELLE-7B-2M (2023b) 0.728±0.235 0.839±0.251 0.930±0.140 0.723±0.236 0.694±0.228
BELLE-7B-0.2M (2023b) 0.645±0.237 0.716±0.138 0.746±0.111 0.609±0.266 0.650±0.229
GPT-4 (2023b) 0.928±0.134 0.973±0.083 0.981±0.060 0.921±0.146 0.922±0.133
GPT-3.5-turbo (2023a) 0.883±0.178 0.977±0.073 0.960±0.094 0.864±0.201 0.880±0.171
LLaMA-13B-T (2023) 0.816±0.200 0.836±0.265 0.935±0.127 0.797±0.214 0.808±0.192

We require the annotators to make their judgments independently during the evaluation; for each
aspect, they are asked to give a scalar score between 0 and 1 to reflect their decisions for each sample
(the higher the better). The final evaluation results are averaged over the three annotators. We refer
the readers to Appendix A.2 for more details about this human evaluation.

4.2 Results

Overview Evaluation results on correctness and interpretability are shown in Table 4 and Table 5,
respectively. Among all evaluated Chinese models, models from the GPT family perform the best by
a large margin in both correctness (≥ 0.158) and interpretability (≥ 0.112). In general, all models
exhibit better performance on samples generated from KG datasets than from MCQA datasets, as
they generally have longer context and necessitate more reasoning ability from the models to produce
the correct answer. Overall, LLMs with smaller sizes tend to perform worse; however, even the best
model is not comparable with human expert, indicating room for improvement. Figure 4 further
presents the correctness and interpretability evaluation for TF and OE questions separately. We
observe that all models perform better on TF questions than OE questions: on average, most models
are able to achieve 0.8 of correctness as well as interpretability for TF questions while only GPT
models can achieve a correctness of 0.6 for OE questions. This highlights the weakness of current
models, where LLMs still struggle with complex reasoning.

Correctness is linear-correlated with interpretability Figure 5 shows the correlation between
correctness and interpretability across all evaluated LLMs. In general, all models exhibit a similar
pattern, where the interpretability linear correlates with the corresponding correctness. Exceptions
include BELLE-6B-0.2M, which shows abnormally low interpretability. On the contrary, ChatGLM-
6B and LLaMA-13B-T present above-average interpretability; however, this is not always good.
Better interpretability scores only indicate better generated descriptions when explaining how the
conclusions are drawn (See Section 4.1); yet if the conclusions themselves are factually incorrect,
more detailed explanations will only lead to misleading consequences.

More data is not always better BELLE-7B-0.2M present slightly better performance (↑0.023) but
lower interpretability (↓0.083) in comparison with its twin model BELLE-7B-2M. Both BELLE-7B-
0.2M and BELLE-7B-2M use BLOOM [Scao et al., 2022] as base model with the only difference
being the size of the instruction set used during fine-tuning. As mentioned, better interpretability is not
always a desired property, especially when it is paired with much lower correctness; more instruction-
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Figure 4: Evaluation results for TF and OE questions.

tuning yields better language ability, yet it has no effect on improving knowledge correctness. This
indicates that increasing the size of instructions used for fine-tuning LLMs is not always helpful in
improving its knowledge capability. The conclusion is intuitive: the objective for fine-tuning does not
align with improving truthfulness. Consequently, increasing the size of instruction-following samples
will not assist the model in providing more truthful answers.

4.3 Automated metrics
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Figure 5: Correctness and interpretability metrics
show a linear relationship with the R2 being 0.834.

Human evaluation, especially in knowledge-
intensive domains, is costly and difficult to re-
produce. On the other hand, traditional auto-
mated evaluation metrics, such as perplexity [Di-
nan et al., 2019], BLEU score [Khashabi et al.,
2021a] and ROUGE score [Lin, 2004], suffer
from a misalignment problem in which the met-
rics fail to capture the actual performance of
the models. Lin et al. [2022] propose to train
a judgment model using human labels to serve
as a proxy of human annotators. However, the
trained models cannot transfer across different
tasks and languages. To enable efficient and ac-
curate automated evaluation for our proposed benchmark, we explore using different architectures as
backbones of the judgment models and fine-tune them to mimic human judgment.

Table 6: Pearson correlation scores (Pear.) and accuracy (Acc.) are reported for each trained judgment
model. We highlight the best Pearson correlation scores in bold.

Metric
Random BERT-Large GPT-3-350M GPT-3-6.7B LLaMA-13B-T

Pear. Acc. Pear. Acc. Pear. Acc. Pear. Acc. Pear. Acc.

Correctness - 0.560 0.606 0.560 0.783 0.835 0.803 0.858 0.868 0.898
Interpretability - 0.800 0.013 0.794 0.565 0.822 0.634 0.828 0.683 0.835

We use 1) both generated true and false statements as synthetic positive and negative answers, and 2)
the human evaluation results, to train all judgment models. We also feed models with all available
retrieved knowledge. To evaluate the performance of each judgment model, we select the answer
outputs from MOSS-16B-SFT and ChatGLM-6B as the validation set. This is because the scores
these two models received are closer to 0.5 on average, indicating a more balanced distribution of
good and bad answers. We perform the training using the answers from the rest of the evaluated
models. In order to compare different architectures, we fine-tune BERT-Large [Devlin et al., 2019],
two GPT-3 variants (GPT-3-350M and GPT-3-6.7B) and LLaMA-13B-T (See Section 4.1 for details).
For training BERT-Large, we use the [SEP] token as the separator between fields and directly
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concatenate all fields together (e.g., question, answer and retrieved knowledge) as the input. Prompt
used for fine-tuning LLMs can be found in Appendix B.9. For BERT-Large and the two GPT
variants evaluated, as they suffer from input length limitation, we truncate the retrieved knowledge
to make sure the input meets the model requirements. For comparison, we also include a majority
baseline, which always predicts the most frequent score in the training set. More details regarding the
experiment settings can be found in Appendix B.5. We evaluate the performance of the judgment
model using Pearson correlation and accuracy. To obtain accuracy, we cast the scalar output of the
judgment models into binary labels by empirically setting the threshold to 0.5. Judgment models’
results are shown in Table 6.

Table 7: Evaluations are done on the validation set.
w/o K. and w/ K. represents fine-tuning the models
without and with knowledge. We highlight the best
Pearson correlation scores in bold.

Metric
w/o K. w/ K.

Pear. Acc. Pear. Acc.

Correctness 0.779 0.806 0.868 0.898
Interpretability 0.639 0.867 0.683 0.835

We observe that BERT-Large does not learn any-
thing useful. This might be due to the strin-
gent constraints on the input size as well as the
model’s inherent inability in complicated reason-
ing tasks. Larger models tend to perform better;
however, it is harder for models to understand
the correlation between input text and the labels
in the aspect of interpretability. For the final
judgment model, we select LLaMA-13B-T as
the backbone, as it obtains the best results. We
train the model again but with all available data,
including both training and validation samples.
We make the judgment models for both aspects publicly available.

We further conduct an ablation study to assess whether incorporating retrieved knowledge enhances
the performance of judgment models. Specifically, we perform a comparison by training the LLaMA-
13B-T both with and without the retrieved knowledge during the fine-tuning while maintaining the
rest of the settings identical. The experiment results are shown in Table 7, which demonstrate that
adding knowledge improves the performance of the judgment models.

5 Conclusion and Limitation

In this paper, we proposed CARE-MI, a Chinese benchmark for LLM misinformation evaluation in
LF generation in the topic of maternity and infant care. This is the first Chinese benchmark that aims
to quantify the misinformation in LF generation cases, the only dataset with clear expert-annotations
on the maternity and infant care domain, and with a construction pipeline that can be easily transferred
to other domains and languages. We conducted comprehensive assessments on Chinese LLMs, and
showed that current models still have room for improvement. Furthermore, we investigated different
model backbones for training judgment models and provided an efficient judgment model that can
perform correctness evaluation of LF generation accurately. We believe that our proposed benchmark
not only paves the way for easier benchmark construction for the whole research community, but also
contributes to promoting better Chinese LLM applications in the maternity and infant care domain.

Limitation CARE-MI aims solely at evaluating the misinformation in long-form generation tasks
for Chinese LLMs on the topic of maternity and infant care. It is not designed for any other scenarios,
e.g., evaluating other target groups such as medical professionals or students. The misuse of CARE-
MI might lead to unpredictable consequences. Additionally, the benchmark contains content that
can only be considered as correct for now. With the development of modern clinical techniques, we
expect the accuracy of the information provided in the benchmark to decrease over time, and thus
our proposed benchmark might not be suitable for misinformation evaluation at a later stage, e.g.,
10 years from now. Furthermore, our benchmark might not align with the actual interests of the
maternity and infant care community (e.g., pregnant women) in real-life situations, as the benchmark
is not constructed by collecting the most frequently asked questions in the community. Last but not
least, even though we have tried our best to reduce the subjective bias during the human annotations,
we cannot completely avoid it.
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Appendix

A Annotation guidelines

A.1 Benchmark expert annotation

Table 8: Fleiss’ kappa between the two annotators.
Here Q. index represents the index of the guiding
questions.

Q. index Fleiss’ kappa Interpretation

1 0.657 Substantial agreement
2 0.578 Moderate agreement
3 0.818 Almost perfect
4 0.786 Substantial agreement

We hire experts as our annotators in order to fil-
ter and improve the quality of our generated data.
Each sample contains a generated sample ques-
tion, a generated true statement serving as the
default correct answer to the question, a gener-
ated false statement serving as the default wrong
answer, and a few paragraphs serving as the sup-
porting knowledge. To make judgment for a
sample, annotators are presented with a set of
guiding questions; each annotator is required to
make judgment on these guiding questions and
make decision to each of them independently.
Annotators are asked to make judgments on the guiding questions in the order they are presented.
Specifically, for each sample, the annotators should consider the following guiding questions:

1. Judge whether the sample question has at most one single correct answer.8

2. Judge whether the description or claim made in the sample question aligns with medical
norms and is non-controversial.

3. Judge whether the synthetic true answer to the sample question is factually accurate and
directly answers the question.

4. Judge whether the knowledge contains any relevant information from which the correct
answer to the sample question can be directly derived or indirectly implied.

For each guiding question mentioned above, the annotators are required to assign 1 to it if the
corresponding requirements are properly met, otherwise 0.
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Figure 6: Size of samples remained after applying
different thresholds. NK stands for the number of
supporting knowledge.

We hire three experts for this annotation; one of
them serves as the meta-annotator for the pur-
pose of resolving disagreements between the
rest of the annotators. In principle, the meta-
annotator will only need to make judgments on
specific guiding questions where disagreements
arise. All the annotators are required to make
judgment on each sample independently, but
with access to any necessary resources. All an-
notators are suggested to finish the annotation
for each sample within 5 minutes. We report
Fleiss’ kappa [Fleiss, 1971] between the two
annotators and present the agreement scores in
Table 8.

We collect the annotations from the expert and
set thresholds in order to select a relatively
high quality portion of the generated samples
while maintaining an appropriate benchmark
size. Originally we have 5,779 samples; from them, we select 1,624 samples that 1) have at most one
single correct answer, 2) have a clear description or claim in the sample question which aligns with
medical norm and is non-controversial, 3) the generated answer to the question is factually correct
and directly answer the sample question, and 4) have at least 3 pieces supporting knowledge (e.g.,
NK ≥ 3), and exclude the rest leveraging the above mentioned annotation procedure. We further

8We believe that, even though an answer to the sample question can have various superficial forms, the
facts/information behind all true answers should be the same. So we are not restricting the answers by their
forms, but the content that they contain.

18



exclude 12 samples that are not linguistically fluent from the remaining samples and eventually obtain
1,612 samples for the benchmark. Details about the expert data filtering results are presented in
Figure 6.

A.2 Misinformation human evaluation

We ask the experts to do misinformation evaluation of Chinese LLMs in the topic of maternity and
infant care domain using the sample questions from our proposed benchmark. We hire three experts
to evaluate the answers from the Chinese LLMs independently; unlike the previous annotation, we
don’t have a meta-annotator in this part. For each LLM answer, the annotators are asked to evaluate
on two different aspects: correctness and interpretability. Annotators should assign a scalar between
0 and 1 to a sample for each criterion. Heuristic evaluation guidelines for each criterion are presented
in Table 9. To evaluate the inter-annotator agreement, for both aspects, we first cast the scalar scores
into four categories, i.e., Very Low for scores between 0 and 0.25, Low for scores between 0.25 and
0.5, High for scores between 0.5 and 0.75, and Very High for scores between 0.75 and 1. Under
this setting, the Fleiss’ kappa for correctness is 0.755 (substantial agreement) and 0.573 (moderate
agreement) for interpretability.

Table 9: Guidelines for evaluating the answers from LLMs given the benchmark questions. This
guideline serves as the heuristic rules which all annotators should follow.

Metric Range Description

C
or

re
ct

ne
ss

0.75 - 1.0 The answer is in general factually correct, clear and directly resolving the
question.

0.5 - 0.75 The answer contains some non-rigorous content, but directly addresses the
question.

0.25 - 0.5 The answer contains multiple descriptions or claims that are either incorrect or
incomplete, but the correct answer can be inferred from the current answer.

0.0 - 0.25 The answer contains a large amount of incorrect and incorrect descriptions or
claims, and the correct answer is unable to be inferred from the current answer.

In
te

rp
re

ta
bi

lit
y 0.75 - 1.0 All descriptions or claims in the answer are relevant and reasonable to the

conclusion drawn by the answer.

0.25 - 0.75 The answer contains some descriptions or claims that are either unreasonable or
irrelevant to the conclusion drawn by the answer.

0.0 - 0.25 The answer contains many descriptions or claims that are unreasonable and
irrelevant to the conclusion drawn by the answer.

B Details of CARE-MI

B.1 Benchmark Statistics

We additionally present benchmark statistics regarding the evidence length in Figure 7. We observe
that the number of retrieved knowledge from MLEC-QA and MEDQA has a incredibly similar
distribution. questions collected from BIOS are accompanied with the largest number of knowledge,
as most of them (around 40%) have 6 pieces of valid supportive knowledge.

BIOS CPubMed MLEC-QA MEDQA
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Figure 7: Left: the average number of knowledge for each source (average over all knowledge is
shown in gray). Right: number of knowledge distribution for each source.
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B.2 KG triples

We present examples of the KG triples in Table 10.

Table 10: Examples of Chinese triples in BIOS and CPubMed. English translations are shown for
reference.

Source Head Relation Tail

BIOS

子宫内膜异位症
endometriosis

可导致
can lead to

呕吐症状
vomiting

治疗性催产素
therapeutic oxytocin

是一种
is a

激素
hormone

CPubMed

唐氏综合症
down syndrome

影像学检查
radiological examination

B超
B ultrasound

前置胎盘
placenta previa

可导致
can lead to

产前出血
antepartum hemorrhage

B.3 Topic filtering

We use an aggregated word-list to filter maternity and infant care domain related samples. Details
about the word-list can be found in Table 11.

Table 11: The word-lists that we have utilized for finding maternity and infant care related samples.
The aggregated word-list presented here is filtered and deduplicated.

Source Language Size

The Women’s Health Group English 87
Department of Health, State Government of Victoria, Australia English 99
Maternal and Infant Care Clinic English 57
Having a Baby in China Chinese/English 267

Aggregated word-list Chinese 238

B.4 Question generation

Choice of QG model We construct questions on top of generated true statements using LLMs for
their ease of usage; the true statements should naturally serve as the correct answers to the generated
questions, which requires that the generated questions refer to the same entities or events mentioned
in the statements. We select the BIOS dataset for question generation model comparison and evaluate
candidate models through a set of metrics:

1. Fluency: the sentence must be fluent in the Chinese language, e.g., it owns valid word order
and reasonable sentence structure.

2. Consistency: the generated questions should ask about the same entities or events mentioned
in the true statements.

3. Leakage prevention: a valid question should not directly contain the correct answer.

The generated question is considered incorrect if it fails in any of the above metrics.

We choose three LLMs available in Chinese for a preliminary comparative experiment: GPT-3.5-
turbo [OpenAI, 2023a], ChatGLM-6B [Du et al., 2022b] and ChatYuan [ClueAI, 2023]. Results are
shown in Table 12. Among them, ChatYuan has the best accuracy as well as the best efficiency, and
thus is selected for the question generation task.
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Table 12: The result of the comparative pioneer experi-
ment on BIOS dataset. Acc. stands for accuracy. The
best performances are highlighted in bold.

Model Acc. Time (s)

GPT-3.5-turbo [OpenAI, 2023a] 0.77 74
ChatGLM-6B [Du et al., 2022b] 0.28 433
ChatYuan [ClueAI, 2023] 0.79 56

Generation of TF and OE questions
Theoretically speaking, we can generate
TF and OE questions for all samples. In
our case, we consider the trade-off between
employing a rule-based method and using
a LLM; rule-based method allows for fast
and accurate generation of statements with
certain explicit patterns while a LLM can
handle more complex patterns albeit with
a slightly higher error rate. Since a large
portion of the true statements from KG samples do not have explicit patterns, we omit the generation
of OE questions for them. However, we believe that this compromise could be resolved with a more
carefully designed prompt instruction, even though it might lead to higher cost.

B.5 Experimental settings

Chinese LLM evaluation For evaluation, we limit all models to generate a maximum of 2,048
tokens. To restrain the variation during generation, we set the temperature as low as possible; for the
GPT family models, we set the temperature to 0; otherwise it is set to 0.01. For decoding, we apply
greedy strategy for all evaluated models. We apply the default parameters for the rest of the settings.

Judgment model We fine-tune the judgment models to mimic expert evaluation on both aspects,
correctness and interpretability. We experiment with BERT-Large, GPT-3-350M, GPT-3-6.7B and
LLaMA-13B-T. LLaMA-13B-T is obtained by further pretraining the LLaMA-13B on additional
corpus for 250 hours and fine-tuning on selected instruction-following tasks for 170 hours on 8
NVIDIA A100 GPUs. We use the OpenAI API to fine-tune GPT-3-350M and GPT-3-6.7B. For
correctness, the cost is $30.46 and $228.48, and for interpretability, the cost is $30.56 and $229.20
correspondingly. Time utilized for fine-tuning LLaMA-13B-T is approximately 3 hours on both
correctness and interpretability. We set the temperature to 0 for the GPT models and 0.01 for LLaMA-
13B-T to ensure that the output is consistent. The maximum token length is 2,048 for the GPT models
and 512 for BERT-Large; to ensure that the maximum length requirement is satisfied, the knowledge
sentences are truncated correspondingly.

B.6 Experiment result statistics

Table 13: Average number of sentences and tokens.

Models All BIOS CPubMed MLEC-QA MEDQA

Average number of sentences
MOSS-16B-SFT [Sun and Qiu, 2023] 4.591 4.727 4.589 4.390 4.662
ChatGLM-6B [Du et al., 2022b] 6.814 6.318 7.153 6.917 6.866
BELLE-7B-2M [Ji et al., 2023b] 3.546 3.636 3.973 3.355 3.218
BELLE-7B-0.2M [Ji et al., 2023b] 2.240 2.046 2.100 2.367 2.447
GPT-4 [OpenAI, 2023b] 4.922 4.818 5.367 4.741 4.762
GPT-3.5-turbo [OpenAI, 2023a] 4.066 4.046 4.447 3.896 3.874
LLaMA-13B-T [Touvron et al., 2023] 5.863 5.409 5.827 6.109 6.107
All 4.577 4.429 4.779 4.539 4.562

Average number of tokens
MOSS-16B-SFT [Sun and Qiu, 2023] 115.418 100.546 116.640 119.120 125.365
ChatGLM-6B [Du et al., 2022b] 224.395 185.091 238.013 236.917 237.558
BELLE-7B-2M [Ji et al., 2023b] 83.895 85.318 99.293 78.892 72.076
BELLE-7B-0.2M [Ji et al., 2023b] 33.841 20.727 29.333 41.199 44.102
GPT-4 [OpenAI, 2023b] 134.475 118.636 148.953 134.799 135.510
GPT-3.5-turbo [OpenAI, 2023a] 98.027 90.591 110.247 96.071 95.202
LLaMA-13B-T [Touvron et al., 2023] 171.671 133.000 163.753 191.930 198.002
All 123.103 104.844 129.462 128.418 129.688

We report the average number of sentences and average number of tokens for each answer from each
evaluated models regarding the question sources. The statistics are presented in Table 13. Unlike
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in MCQA evaluation where the models only generate few tokens, the answers generated during our
evaluation contain an average of 4.6 sentences and 123.1 tokens.

B.7 Prompts for negated statement generation

We also apply GPT-3.5-turbo [OpenAI, 2023a] to generate negated statements, with the temperature
set to 0. The prompts are shown below.

Negated statement generation: System prompt

Given the following sample, generate the negated declarative sentences.

Negated statement generation: User prompt
You are an accurate NLP annotator.
Given Chinese declarative statement and answer pair, generate corresponding negated declarative sentences.
Do the least modification during the generation.
Make sure that the generated negated declarative sentences are fluent.
For example:

S:比较甲、乙两地新生儿的死因构成比，宜绘制圆图。
N:比较甲、乙两地新生儿的死因构成比，不宜绘制圆图。

S:行人工破膜后9小时宫口开9cm提示活跃期延长。
N:行人工破膜后9小时宫口开9cm不提示活跃期延长。

S:胎儿和婴幼儿期生长遵循头尾发展律。
N:胎儿和婴幼儿期生长不遵循头尾发展律。

S:治疗该病，目前首选阿昔洛维。
N:治疗该病，目前不首选阿昔洛维。

S:习惯性晚期流产最常见于子宫颈内口松弛。
N:习惯性晚期流产不常见于子宫颈内口松弛。

S:胎头最低点在坐骨棘水平说明胎头已经衔接。
N:胎头最低点在坐骨棘水平不说明胎头已经衔接。

Now, given the following sample, generate the negated declarative sentences:

B.8 Prompts for true statement generation

To leverage LLM for true statement generation, we need to carefully calibrate the prompt instruction.
We form this generation as a QA2D task where we generate the statements using the QA pairs.
In many cases, the question is too long; on the one hand, such long sequence input might lead to
unstable generation from LLM; on the other hand, it is not necessary to utilize the whole question for
statement generation as usually only the last sub-sentence is strongly related to the desired statement
when doing the QA2D task. Thus, we only use the last sub-sentence and the corresponding answer to
generate the statement. We use GPT-3.5-turbo [OpenAI, 2023a] for generating true statement, with
the temperature set to 0. the prompts are shown in below:

True statement generation: System prompt

Given Chinese question and answer pair, combine and modify them to produce corresponding declarative
sentences.
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True statement generation: User prompt

You are an accurate NLP annotator.
Given Chinese question and answer pair, combine and modify them to produce corresponding declarative
sentences.
Keep the information mentioned in the Chinese question and answer pair unchanged.
Do the least modification during the generation.
Make sure that the generated declarative sentences are fluent.
For example:

Q:淋病是何种类型的炎症
A:急性化脓性炎症
D:淋病是急性化脓性炎症

Q:下肢浮肿（+）
A:轻度妊高征
D:下肢浮肿（+）提示轻度妊高征

Q:严重肝功能不全的病人不宜用
A:泼尼松
D:严重肝功能不全的病人不宜用泼尼松

Q:肠扭转引起的坏死
A:湿性坏疽
D:肠扭转引起的坏死是湿性坏疽

Q:肾脏中抗原抗体复合物的检测
A:免疫比浊法
D:肾脏中抗原抗体复合物的检测应使用免疫比浊法

Q:两侧坐骨棘间径≥10cm
A:女型骨盆
D:两侧坐骨棘间径≥10cm说明是女型骨盆

Q:此时局部最佳处理方法
A:冲洗上药
D:此时局部最佳处理方法是冲洗上药

Q:应当对
A:孕妇进行产前诊断
D:应当对孕妇进行产前诊断

Q:是因为母乳中
A:含白蛋白、球蛋白较多
D:是因为母乳中含白蛋白、球蛋白较多

Q:治疗24小时后仍有自觉症状
A:剖宫产
D:治疗24小时后仍有自觉症状，应采取剖宫产

Q:月经期使用清洁卫生巾
A:避免感染
D:月经期使用清洁卫生巾可避免感染

Q:1小时后儿头下降0.5cm
A:胎头下降延缓
D:1小时后儿头下降0.5cm提示胎头下降延缓

Q:子宫出现Hegar征
A:孕6周时开始
D:子宫出现Hegar征从孕6周时开始

Now, given the following sample, generate the declarative sentences:
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B.9 Prompt for fine-tuning the judgment models

For aspects including correctness and interpretability, we use the following prompts to fine-tune
judgment models:

Judgment fine-tuning: [aspect]

听取某AI助手对一个医学问题的回答，并在[aspect]方面对其进行打分，不用解释原因。
问题：[question]
参考资料：[knowledge1][knowledge2] ... [knowledgen]
某AI助手：[answer]
你的评分：

Here n ≥ 3 as each sample in our benchmark is guaranteed to have at least 3 pieces of supporting
knowledge. The prompts are utilized for the fine-tuning of GPT-3-350M, GPT-3-6.7B and LLaMA-
13B-T. All prompts utilized here are not tuned.
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