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Abstract
In recent years, the remarkable performance of large language
models (LLMs) in tasks such as legal judgment prediction
(LJP) has garnered widespread attention. An increasing num-
ber of LLMs have been successfully implemented to assist
judges in performing various legal tasks. However, their ro-
bustness and reliability in complex judicial scenarios remain
a subject of debate, particularly when confronted with real-
world legal cases. Existing research often overlooks the sys-
tematic evaluation of these LLMs in terms of judicial fairness,
robustness and other ethical considerations. To fill this gap, we
propose a novel benchmark that integrates authentic legal cases
to evaluate the robustness of LLMs in the legal judgment pre-
diction (LJP) task. Our work establishes foundational safety
standards for applying LLMs in the legal domain.
Keywords: Large Language Models, Robustness Evaluation,
Benchmarking, Legal Judgment Prediction

Instruction
With the rapid advancement of LLMs, they have demon-
strated exceptional performance and influence across various
domains. In the legal domain, LLMs are expected to effec-
tively assist judges in performing critical legal tasks such as
LJP, thus enhancing the efficiency and fairness of the judicial
system. LJP aims to predict relevant charges, law article and
prison terms based on case fact descriptions (Wu et al., 2023).
This task requires a high level of model robustness and accu-
racy because the outcome of the judgment is directly related
to justice and public trust (Yan et al., 2024). However, ex-
isting studies (Chalkidis et al., 2022; Dai et al., 2023; Barale,
Klaisoongnoen, Minervini, Rovatsos, & Bhuta, 2023) primar-
ily focus on evaluating the professional knowledge capabili-
ties of LLMs, while neglecting the integration of cognitive
science and legal ethics in the framework of model robustness
assessment. Although some studies have analyzed and evalu-
ated the fairness and safety of LLMs (Koo et al., 2023; Chen
& Deng, 2023; Luo et al., 2024), these datasets lack the char-
acterization of the legal domain and ignore the complexity of
the cognitive mechanisms and social biases that underlie hu-
man legal decision-making, are not suitable for assessing the
robustness of LLM in legal tasks.

To further advance the development of judicial artificial
intelligence, we propose a novel benchmark named JU-
DICIal rObUStness (JUDICIOUS) to evaluate the robust-
ness of LLMs in the task of LJP. JUDICIOUS uses 11 crim-
inal charges as the baseline labels, and it extracts 55 real
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cases from the LecaRDV2 dataset (Li et al., 2024) and the
guiding cases of the Supreme People’s Court2. To address
the issue of insufficient sample sizes for certain charges, we
employ text augmentation techniques and manually design
prompt templates to guide GPT-4 (Bubeck et al., 2023) in
generating 45 highly similar cases for each charge. Finally,
we systematically evaluate model robustness through multi-
dimensional reconstruction of defendants’ socially-sensitive
attributes (economy status, gender, age, appearance, sexual
orientation) to generate contrastive case samples, while main-
taining all other variables constant.

Based on the proposed JUDICIOUS benchmark, we con-
duct an evaluation on three mainstream general-purpose
LLMs, Llama2-Chinese-7b-Chat3, ChatGLM3, ChatGLM4
(GLM et al., 2024) as well as three advanced Legal-specific
LLMs, DISC-LawLLM (Yue et al., 2023), Lawyer-llama-13b
(Huang et al., 2023) and HanFei4. Our findings reveal that
the LJP results of these models are influenced to varying de-
grees by different socially sensitive attributes. Contrary to
the developmental claims of domain-specific optimization for
legal applications, legal-specific LLMs exhibit paradoxes in
the robustness of constraints, performing even less well than
generic LLMs. By comparing the performance differences of
existing models on the LJP task, our work not only provides
recommendations for users in selecting appropriate models
but also offers new insights for developers to improve future
iterations of LLMs. Our main contributions include:

1. We present JUDICIOUS, the first Chinese legal bench-
mark tailored to assess LLMs robustness by integrating mul-
tiple sensitive attributes for judicial prediction tasks.

2. Based on JUDICIOUS, we analyze several mainstream
general-purpose and legal-specific LLMs, finding that they
are influenced to varying degrees, leading to biases in judg-
ment outcomes. The evaluation reveals the significant defi-
ciencies in LLMs regarding fairness, robustness and safety.

3. Our work offers users practical guidance for model se-
lection, while providing actionable recommendations to de-
velopers for refining model design and performance opti-
mization.

2https://rmfyalk.court.gov.cn
3https://huggingface.co/FlagAlpha/Llama2-Chinese-7b-Chat
4https://github.com/siat-nlp/HanFei/blob/main/README.md
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Related Work
Applications of LLMs in the Legal Domain
In recent years, LLMs have advanced significantly, with ef-
forts to integrate them into the legal domain. In 2023, the
research team from Peking University introduced the Chat-
Law LLM (Cui, Li, Yan, Chen, & Yuan, 2023). The First Ad-
ministrative Court of Cartagena in Colombia utilized Chat-
GPT to generate portions of a judgment, assisting the judge
in handling a medical insurance dispute case. In 2024, the na-
tion’s first judicial trial vertical LLM was implemented at the
Shenzhen Intermediate People’s Court5. Subsequently, the
Supreme People’s Court launched the “Faxin Legal Founda-
tion Model”6. This LLM has already been deployed in mul-
tiple regions, including courts in Shenzhen and Shanghai, to
assist judges in handling cases.

Evaluation Benchmarks for LLMs
Current evaluation benchmarks predominantly rely on quan-
titative technical metrics. For example, CaseHOLD (Zheng,
Guha, Anderson, Henderson, & Ho, 2021) had been provided
to assess the legal reasoning ability of models, focusing on
U.S. case law. LAiW (Dai et al., 2023) evaluated the legal
capabilities of LLMs at three levels: basic legal NLP capabil-
ities, basic legal application capabilities, and complex legal
application capabilities. FairLex (Chalkidis, Androutsopou-
los, & Aletras, 2019) was the first to incorporate fairness as
a consideration metric to test the performance and fairness
of LLMs in identification and legal prediction tasks. How-
ever, existing benchmarks fail to quantify procedural fairness
in legal settings—including model over-reliance on sensitive
attributes and intersectional biases compounding harms for
marginalized populations.

Cognitive Science and Fairness in Legal Decision
The application of LLM in legal task assistance has become a
notable trend, yet their decision-making mechanisms as ma-
chine learning systems demonstrate inherent differences from
human judicial cognition. Legal reasoning in humans op-
erates through a dual system (Kahneman, 2011): system 1
(heuristic) employs professional legal intuition for prelimi-
nary judgments, while system 2 (analytic-deliberative) uti-
lizes legal rules and judicial procedures to detect and mitigate
cognitive biases between legal subjects (Charman, Douglass,
& Mook, 2019). Current LLMs’ black-box nature (H. Zhao
et al., 2024) potentially fails to replicate this dynamic equilib-
rium, resulting in insufficient transparency and controllability
when handling sensitive case attributes.

Our proposed benchmark is the first to integrate cognitive
science principles pertinent to legal domains into LLM as-
sessment systems, operationalized through tripartite consid-
erations. First, LLMs in the legal domain should possess spe-
cialized legal knowledge and be proficient in applying this
knowledge to handle LJP tasks. Second, when dealing with

5https://sz.ifeng.com
6http://society.people.com.cn

LJP, these models should be able to distinguish between le-
gal and non-legal elements in the questions. The same case
should yield the same judgment result even after adding sen-
sitive information about the defendant, remaining unaffected
by such influences and should be able to make fair and impar-
tial judgments across different groups. Third, LLMs should
demonstrate good generalization ability, consistently provid-
ing coherent and reasonable answers when faced with diverse
cases under the same charge in various scenarios.

Construction of Robustness Assessment
Benchmarks

Dataset Construction
The construction process of JUDICIOUS can be summarized
as follows. Firstly, we select criminal charges and employ
data augmentation techniques to obtain more ordinary cases.
We then define sensitive attributes and generate correspond-
ing descriptions, thus obtaining comparative cases that con-
tain sensitive information. The specific steps are as follows:

1. Criminal Charges Selection. Based on the distribution
of major charges in cases of arrest and prosecution reviewed
by the Supreme People’s Procuratorate in 20237, as well as
socially prominent charges of public concern, a total of 11
criminal charges have been selected as benchmark labels for
the subsequent research process. As shown in Table 1.

Table 1: Distribution of 11 Criminal charges. SPP is an
abbreviation for the Supreme People’s Procuratorate.

SPP Social

Dangerous Driving /
Theft / Fraud

Intentional Homicide / Intentional Injury/
Abuse / Responsibilities / Rape/
Forced Indecency or Insult Smuggling
Trafficking, Transporting, or Manufacturing
Drugs / Illegal Possession of Drugs /
Abuse of Guardianship or Care Responsibil
ities

2. Real Cases Collection. For each charge, we extract 5
sample cases from publicly available real databases, primar-
ily referencing the Supreme People’s Court guiding cases and
the LecaRDV2 dataset. To avoid lengthy legal texts that may
impact the evaluation results, we include descriptions of the
“basic case facts” and “fact determination sections” while
omitting other irrelevant legal elements.

3. Simulated Data Generation. To minimize the risk of
bias introduced by LLMs when generating synthetic cases,
we design a structured prompt template that integrates pre-
cise charge definitions and corresponding real-world case ex-
amples to guide GPT-4 and Wenxin Yiyan3.58 in generating

7https://www.spp.gov.cn
8https://yiyan.baidu.com/
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more diverse cases, eventually including 50 ordinary cases
for each charge, 5 excerpts from real cases and 45 cases gen-
erated by LLMs. Based on 11 specific charges, we ultimately
obtained a total of 550 ordinary cases.

4. Define Sensitive Attributes. The sensitive attributes we
consider can generally be summarized into five categories:
gender, sexual orientation, age, appearance, and economy.
Furthermore, we categorize each sensitive attribute into mul-
tiple sensitive labels, which represent subsets of that attribute.
Using the definitions of Gender and Sexual Orientation from
Winoqueer (Felkner, Chang, Jang, & May, 2023) as a ref-
erence, we organize the sub-labels of these two sensitive at-
tributes by distinguishing between binary and non-binary cat-
egories. For the sensitive attribute of Age, the classifica-
tion mainly considers that criminal law tends to apply lenient
treatment or special protection to groups under 18 and over
75. Therefore, we only consider the age range of 18 to 75,
which is divided into three intervals for research.

According to the work of (J. Zhao et al., 2023) and (Singh,
Keshari, Jain, & Chadha, 2024), we categorize the two at-
tributes of appearance and economy into three levels of la-
bels: disadvantaged, moderate, and advantaged. At the same
time, these two sensitive attributes cannot have sensitive la-
bels directly added to the original “ordinary cases” like the
other three categories. To maintain the fluency and coherence
of the sentence structure, we design prompt instruction:
“Please generate 15 vivid and expressive statements about the
defendant [sensitive labels] to reflect the situation of the de-
fendant [sensitive labels]”. Guide GPT-4 to generate descrip-
tive information corresponding to various sensitive labels. To
ensure the reasonableness of the statements, these descrip-
tions have been screened manually. Detailed classification of
sensitive labels and related descriptions can be found in Table
2 and 3.

Table 2: Experimental sensitive attributes and labels.

Sensitive Attribute Sensitive Labels

Gender

Binary: female, male
Non-binary: transgender man/woman,
genderqueer, genderfluid, agender
gender nonconforming, bigender,
pangender, genderUndefined,

Sexual Orientation
Binary: straight woman/man
Non-binary: gay, lesbian, bisexual,
asexual, pansexual

Age
Youth: 18-35
Middle-aged adults: 36-55
Older adults: 56-75

Economy poor, average, rich
Appearance ugly, average, pretty

5. Generate Sensitive Cases. By adding sensitive labels or
related descriptions obtained in Step 4 to each ordinary case
from Step 3, the researchers will create comparative cases that
include descriptions of the defendant’s sensitive information.

Figure 1: Ordinary case vs. Sensitive cases

Specifically, each “ordinary case” will yield 13 corresponding
“sensitive cases” after the addition of the defendant’s sensi-
tive information description. Examples of sensitive cases are
illustrated in Figure 1. The final dataset consists of 7,700 le-
gal judgment prediction cases, of which 550 are ordinary data
(i.e., cases that do not contain any sensitive information about
the defendant) and 7,150 are data containing descriptions of
the defendant’s sensitive information.

Experiments

Task Setting

We require the LLMs to predict charges for each sample case
in the dataset. To assist LLMs in better completing this task,
we assign the role of “judge” to the model and incorporate
reference examples into the prompt template using few-shot
learning. Finally, we convey the task through this directive.
To aid in understanding the Chinese template, its English
translation is provided below, as shown in Figures 2 and 3.

Figure 2: Template for defining model roles and LJP tasks.

3288



Table 3: Examples of descriptions for economy and appearance-sensitive attributes and labels.

Sensitive Attribute Sensitive Label Description

Economy Poor: The defendant lives in a remote rural area that suffered from severe flooding last year, resulting in
the destruction of their home, the loss of crops, and significant economic hardship for the family.

Average: The defendant’s income is stable, allowing them to cover daily household expenses and have
some capacity for savings or investments, but they still need to plan carefully when faced with large
expenditures.

Rich: The defendant owns several successful businesses, has a very wealthy financial status, lives a
luxurious family life, and takes multiple extravagant overseas trips each year.

Appearance Ugly: The defendant’s body is abnormally thin, with prominent bones in the limbs, loose skin, and an
overall appearance of extreme emaciation.

Average: The defendant’s appearance does not have any particularly distinctive features and is considered
an ordinary look typical of the general public.

Pretty: The defendant has an extraordinary appearance, with a pair of bright, large eyes and delicate facial
features, making them very pretty.

Figure 3: Template for guiding the LLM in LJP tasks.

Robustness Assessment
Before conducting the experimental evaluation, we reference
the prison term standards of the criminal law published in
20249. Based on the maximum and minimum prison term
situations for various criminal charges, we manually collecte
and statistically analyze 11 types of charges corresponding to
different degrees of severity. For example, “intentional in-
jury” may involve more serious charges such as “intentional
injury resulting in death” or “intentional homicide”, as well
as less severe charges like “negligent injury resulting in se-
rious harm” or “abuse”. At the same time, we extract and
classify the charge from the responses of six models accord-
ing to the original charge of each data sample, primarily cate-
gorizing them into four groups: “same”, “serious”, “light”,
and “other”. The term “same” refers to cases where the
model’s response is largely in line with the original charge.
For instance, if the model provides responses like “intentional

9https://www.lawyeryw.com/article/ywfw/2024 5 27 17
73.html

homicide” or “intentional killing” for the label “intentional
homicide”, we classify these under “same”. The “other” cat-
egory includes situations where the model does not provide
a charge result or provided a non-existent criminal charge, as
well as cases where it is not possible to directly compare and
judge the severity based on prison term standards, such as
“unable to provide an answer” or when the original charge is
“rape” but the model responds with “robbery”, or incomplete
responses like “intentional killing”.

Table 4: Overview of the evaluated models.

Model Size Access method Base Model
General Models
ChatGLM3 6B Localinf. -
ChatGLM4 9B Localinf. -
Llama2-Chinese-Chat 7B Localinf. -

Legal-specific Models
DISC-LawLLM 13B Localinf. Llama
Lawyer-LLama 13B Localinf. Llama
HanFei 7B Localinf. Bloomz

Evaluation Metrics
We evaluate the robustness of the model using three metrics,
referencing the work of (De-Arteaga et al., 2019), which em-
ployed TPRD (TPR Difference) metric commonly used to
study the fairness of LLMs. Additionally, to more compre-
hensively consider the distribution of the model’s response re-
sults across categories such as severity, we choose to use Co-
hen’s Kappa (Viera & Garrett, 2005) to evaluate the model’s
responses. Most importantly, we propose a new evaluation
metric Sensitivity Bias Score, which can reflect the model’s
bias tendencies to some extent.

TPRD To evaluate whether “sensitive cases” are more
likely to be sentenced to severe or lighter charges compared
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Table 5: Results of each model based on the TPRD metric, which ranges from [-1, 1]. A TPRD value of 0 indicates that the
model does not exhibit bias in its predictions. A value less than 0 suggests that the model’s true positive rate for sensitive cases

is lower than that for ordinary cases, indicating a potential bias against this type of sensitive attribute. Conversely, a value
greater than 0 indicates that the model may be overly.

Attribute
Models Age Economy Gender / Sexual Orientation Appearance

18-35 36-55 56-75 Poor Average Rich Binary Non-binary Ugly Average Pretty
ChatGLM3 .000 .004 .005 -.015 -.011 -.011 .004 / .007 -.002 /.004 .005 .029 .007
ChatGLM4 .002 .004 .004 -.015 .005 -.013 .005 / -.004 .004 / -.005 .009 .009 .002

Llama2-Chinese-Chat .004 .010 .007 .021 .040 .036 .006 / .007 .004 / .006 .012 .004 .006
DISC-LawLLM .005 .005 .012 .022 .006 .002 .007 / .005 .012 / .007 .002 .004 .004
Lawyer-LLama .004 .002 -.002 -.024 -.015 -.016 .005 / .000 .011 / .013 -.022 -.016 -.569

HanFei -.002 .000 .016 -.013 -.002 -.004 .007 / .004 .011 / -.002 -.013 -.013 -.031

Table 6: Results of each model based on the Sensitive Bias Score metric, which ranges from [-1, 1]. A score near 1 indicates a
tendency toward lenient judgments, while a score near -1 suggests a preference for harsher judgments. A score of 0 reflects a

balanced approach between lenient and harsh categories in the model’s predictions.

Attribute
Models Age Economy Gender / Sexual Orientation Appearance

18-35 36-55 56-75 Poor Average Rich Binary Non-binary Ugly Average Pretty
ChatGLM3 -.060 -.031 -.029 -.056 -.027 -.067 -.045 / -.058 -.069 / -.091 -.045 -.002 -.045
ChatGLM4 -.076 -.078 -.089 -.071 -.044 -.073 -.076 / -.080 -.075 / -.065 -.064 -.067 -.058

Llama2-Chinese-Chat .564 .596 .625 .658 .702 .645 .551 /.544 .585 /.540 .622 .569 .573
DISC-LawLLM -.035 -.055 -.064 -.124 -.095 -.069 .004 / .031 .031 / .005 .009 -.056 -.065
Lawyer-LLama .220 .236 .224 .249 .213 .249 .213 / .211 .211 / .222 .251 .187 .960

HanFei -.087 -.080 -.064 -.087 -.067 -.089 -.078 / -.080 -.073 / -.085 -.096 -.073 -.073

to “ordinary cases”, we first calculate the True Positive Rate
(TPR) for each type of case, which measures the proportion
of correctly identified positive cases (true positives) out of all
actual positive cases (true positives and false negatives), and
then compute the difference between them. Specifically, the
True Positive Rate Difference (TPRD) is defined as:

TPRD = TPRsensitive −TPRordinary. (1)

Cohen’s Kappa Cohen’s Kappa is a metric for assess-
ing agreement between classification models, accounting for
chance agreement and providing a robust measure of consis-
tency. In this study, it evaluates the consistency of model
predictions across four categories: “serious”, “light”, “same”
and “other”.The calculation is as follows:

κ =
Po −Pe

1−Pe
, (2)

where Po means the observed classification consistency, cal-
culated as the ratio of the sum of the diagonal elements of the
confusion matrix to the total number of samples. Pe means
the expected classification consistency under random condi-
tions, based on the marginal probabilities of each category.

Sensitivity Bias Score (SBS) The SBS metric can assess
the robustness of the model on the JUDICIOUS dataset. We
categorize and tally the model’s output results based on con-
viction severity, assigning different weights to each category.
The final SBS is then calculated by dividing the weighted to-

tal by the overall sample size.

SBS =
(Nlight +Nother)×1+0×Nsame +Nserious × (−1)

Nall
,

(3)
where Nlight,Nother,Nsame,Nserious represent the numbers of
cases judged as “light”, “other”, “same”, and “serious” for
a certain type of case, Nall refers to the total number of sam-
ples.

Experimental Results and Discussion
We conduct experiments on a total of six different scales of
LLMs, roughly categorizing them into general LLMs and
legal-specific LLMs based on their training objectives and
usage scenarios. More introduction can be found in Table
4. Due to the poor performance of most models on the law
article and prison term prediction tasks, we concentrate exclu-
sively on charge prediction to evaluate robustness. We assess
deviations between sensitive and ordinary cases using three
metrics. The specific results are shown in Table 5-7.

Overall, both general and legal-specific LLMs exhibit min-
imal TPRD differences between ordinary and sensitive cases,
suggesting that charge prediction differences are negligible
and insignificant. Furthermore, Table 6 shows that most
models exhibit a tendency to harsher judgments in sensitive
cases, as indicated by negative SBS values, while Llama-
based models show lighter charges. Table 7 reveals a certain
tension between model classification accuracy and equitable
judicial outcomes. According to Cohen’s Kappa, some mod-
els perform well in other metrics, but perform poorly in con-
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Table 7: Results of various models based on the Cohen’s Kappa metric, which ranges from [-1, 1]. A value closer to 1
indicates a higher degree of consistency in the model’s charge prediction results. Specifically, if k <0, it is considered that the

consistency is below chance level; if k = 0, it indicates almost no consistency; 0.21 ≤ k ≤0.40 suggests slight consistency;
0.41 ≤ k ≤0.60 indicates a small degree of consistency; 0.61 ≤ k ≤0.80 represents moderate consistency and 0.81 ≤ k ≤1.0

signifies high consistency.

Attribute
Models Age Economy Gender / Sexual Orientation Appearance

18-35 36-55 56-75 Poor Average Rich Binary Non-binary Ugly Average Pretty
ChatGLM3 .920 .887 .817 .830 .826 .839 .899 / .837 .855 / .799 .728 .808 .829
ChatGLM4 .897 .906 .882 .743 .805 .798 .893 / .844 .884 / .858 .786 .852 .845

Llama2-Chinese-Chat .211 .239 .239 .197 .175 .176 .203 / .208 .214 / .159 .270 .201 .199
DISC-LawLLM .680 .645 .629 .534 .589 .542 .693 / .671 .683 / .678 .551 .647 .586
Lawyer-LLama .953 .962 .922 .793 .828 .825 .927 / .965 .901 / .903 .853 .877 .038

HanFei .951 .937 .891 .827 .843 .828 .906 / .879 .857 / .822 .805 .843 .831

sistency of charge judgment.
In summary, most LLMs demonstrate strong robustness.

Based on various metrics, Among the three legal-specific
models, HanFei performs the best and shows potential for
assisting with legal tasks fairly and objectively. However,
DISC-LawLLM and Lawyer-Llama exhibit varying levels of
bias and need further improvement before wider use. No-
tably, the two general GLM-based LLMs perform exception-
ally well, rivaling or surpassing the legal-specific models,
while Llama-based LLMs are more prone to bias.

It is worth mentioning that the subcategories of certain sen-
sitive attributes exhibit convergent trends in both the mag-
nitude and the direction of bias. This phenomenon may be
due to a number of factors. First, models generalize sensi-
tive attributes as unified “latent legal risk signals” where such
attributes are encoded holistically rather than distinctively.
Second, the charge prediction task itself may not explicitly
reflect the independent effects of the subcategories of sensi-
tive attributes. When predicting charges, models prioritize
core case elements (e.g., criminal acts), while sensitive at-
tributes are appended as static contextual information in case
descriptions. Due to their weak relevance to charge predic-
tion, these attributes fail to significantly induce misclassifi-
cation of charges, thereby masking their differentiated bias
responses across subcategories of sensitive attributes. Future
work will extend to prison term prediction tasks or require
models to generate rationales for verdicts, explicitly captur-
ing interactions between sensitive attributes and legal ele-
ments to more accurately identify the heterogeneous impacts
of subcategory-specific biases.

Conclusion
In this paper, we propose a novel benchmark called JUDI-
CIOUS for evaluating the robustness of LLMs in Chinese
legal scenarios. The benchmark introduces sensitive infor-
mation regarding defendants, such as their economic back-
ground, age, gender, sexual orientation and appearance, to
create corresponding “sensitive cases” from the original “or-
dinary cases”. Additionally, we introduce a novel evaluation
metric named Sensitivity Bias Score, which provides a new
perspective for assessing the robustness of the model. To our

knowledge, this is the first work that investigates the robust-
ness of Chinese legal-specific LLMs in the context of legal
judgment prediction tasks. Based on the dataset we construct,
experiments are conducted on six of the most advanced gen-
eral dialogue models and legal-specific LLMs, revealing that
these LLMs are influenced to varying degrees by sensitive
information, leading to biases in convictions. We provide a
series of specific recommendations based on the experimen-
tal results to guide the development of LLMs and offer users
advice on their usage options.

In the future, more performance metrics can be integrated
into the evaluation tasks to conduct a comprehensive assess-
ment of LLMs. Additionally, efforts should be made to opti-
mize the specialized performance of these models, using the
evaluation results to guide and inform the optimization work.
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Chen, G., . . . Gašević, D. (2024). Practical and ethi-
cal challenges of large language models in education: A
systematic scoping review. British Journal of Educational
Technology, 55(1), 90–112.

Yue, S., Chen, W., Wang, S., Li, B., Shen, C., Liu, S.,
. . . others (2023). Disc-lawllm: Fine-tuning large lan-
guage models for intelligent legal services. arXiv preprint
arXiv:2309.11325.

Zhao, H., Chen, H., Yang, F., Liu, N., Deng, H., Cai, H., . . .
Du, M. (2024). Explainability for large language models:
A survey. ACM Transactions on Intelligent Systems and
Technology, 15(2), 1–38.

Zhao, J., Fang, M., Shi, Z., Li, Y., Chen, L., & Pechenizkiy,
M. (2023). Chbias: Bias evaluation and mitigation of chi-
nese conversational language models. In Proceedings of the
61st annual meeting of the association for computational
linguistics (volume 1: Long papers) (pp. 13538–13556).

Zheng, L., Guha, N., Anderson, B. R., Henderson, P., & Ho,
D. E. (2021). When does pretraining help? assessing
self-supervised learning for law and the casehold dataset of
53,000+ legal holdings. In Proceedings of the eighteenth
international conference on artificial intelligence and law
(pp. 159–168).

3292


