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Abstract:
Criminal charge prediction is an important task in legal artifi-

cial intelligence, aiming to automatically identify the correspond-
ing charge from the fact description of a criminal case. In this
paper, we formulate charge prediction as a legal text classification
problem and conduct comparative experiments on the CAIL2018
legal judgment dataset. Single-charge samples are selected from
the original dataset, and the top 10 most frequent charge cate-
gories are used to construct a balanced dataset. We compare
three traditional machine learning methods based on character-
level TF-IDF features with two deep learning methods, TextCNN
and BERT. The experimental results show that both traditional
and deep learning methods can achieve strong performance on
this task, while TF-IDF with Linear SVM obtains the best over-
all result. This study provides a lightweight and complete experi-
mental reference for criminal charge prediction based on legal text
classification.
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1. Introduction

Legal judgment prediction [1] is an important task in the field
of legal artificial intelligence [2], aiming to automatically ana-
lyze legal case documents and predict corresponding judicial
outcomes. Among different legal prediction tasks, criminal
charge prediction [3] is a fundamental problem, because the
charge of a case directly reflects the legal nature of the defen-
dant’s behavior and provides important references for subse-

quent sentencing and judicial reasoning.
In criminal cases, the case fact description contains key in-

formation about the behavior, object, consequence, and subjec-
tive intention involved in the case. Therefore, predicting crim-
inal charges from case fact descriptions can be regarded as a
typical legal text classification task. With the development of
natural language processing technology, both traditional ma-
chine learning methods and deep learning methods have been
widely used for text classification. Traditional methods usu-
ally combine TF-IDF [4] features with classifiers such as Naive
Bayes [5], Logistic Regression [6], and Support Vector Ma-
chine (SVM) [7]. Deep learning methods, such as TextCNN
[8] and BERT [9], can further learn semantic representations
from text.

Although deep learning models usually have stronger repre-
sentation learning ability, traditional machine learning methods
may still perform competitively in tasks where category bound-
aries are relatively clear. Therefore, it is necessary to compare
these methods under the same dataset and evaluation setting,
especially for criminal charge prediction based on legal fact de-
scriptions.

To investigate this problem, this paper conducts a criminal
charge prediction experiment based on the CAIL2018 [10] le-
gal judgment dataset. We select samples with only one charge
label from the original training set and choose the top 10 most
frequent charge categories as the research objects. To reduce
the influence of class imbalance, 5,000 samples are randomly
selected for each charge category, forming a balanced dataset
with 50,000 samples. The dataset is divided into training, vali-
dation, and test sets according to the ratio of 8:1:1.

In this study, five methods are designed and compared for



criminal charge prediction. The traditional machine learning
methods include TF-IDF with Multinomial Naive Bayes, TF-
IDF with Logistic Regression, and TF-IDF with Linear Support
Vector Machine. The deep learning methods include TextCNN
and BERT. Accuracy, Macro-F1, and Weighted-F1 are used as
the main evaluation metrics.

The main objective of this paper is to compare the effective-
ness of traditional machine learning and deep learning methods
on the criminal charge prediction task. Specifically, this study
aims to answer the following questions:

(I) How do traditional machine learning methods perform on
charge prediction based on legal case fact descriptions?

(II) Can deep learning methods such as TextCNN and BERT
achieve better performance than TF-IDF-based linear classi-
fiers?

(III) Which method is more suitable for a balanced Top 10
criminal charge classification task under limited computational
cost?

Through this experimental study, we aim to provide a
lightweight but complete reference pipeline for legal text clas-
sification, including data preprocessing, sample balancing,
model construction, performance evaluation, and result visu-
alization.

2. Related Work

Legal judgment prediction has become an important research
direction in legal artificial intelligence. Its goal is to predict ju-
dicial results, such as relevant law articles, criminal charges,
and prison terms, according to the fact descriptions of le-
gal cases. The CAIL2018 [10] dataset provides a large-scale
benchmark for this task and has been widely used in Chinese
legal judgment prediction research. Since charge prediction can
be formulated as a text classification problem, many existing
methods focus on learning effective representations from legal
fact descriptions.

Traditional text classification methods usually represent doc-
uments with statistical features and then apply machine learn-
ing classifiers. TF-IDF [4] is commonly used to transform text
into sparse feature vectors, which can be combined with classi-
fiers such as Naive Bayes [5], Logistic Regression [6], and Sup-
port Vector Machine [7]. Among them, SVM has been shown
to be effective for text categorization because of its ability to
handle high-dimensional sparse features. These methods are
simple and efficient, making them suitable baselines for legal
text classification.

Deep learning methods can automatically learn semantic fea-
tures from text. TextCNN [8] applies convolutional neural net-

works [11] to sentence classification and captures local n-gram
features through convolutional filters. BERT [9] further im-
proves text representation by using bidirectional Transformer-
based pre-training, and it can be fine-tuned for downstream
classification tasks with only a task-specific output layer. Com-
pared with traditional methods, deep learning models usually
have stronger representation ability, but they also require more
computational resources and training time.

In this paper, we compare both traditional machine learning
methods and deep learning methods for criminal charge pre-
diction. Specifically, TF-IDF with Naive Bayes, Logistic Re-
gression, and Linear SVM are selected as traditional baselines,
while TextCNN and BERT are used as deep learning models.
This comparison helps evaluate whether deep models can bring
clear advantages over lightweight traditional classifiers on a
balanced Top 10 charge classification task.

3. Methodology

In this study, criminal charge prediction is formulated as a
multi-class legal text classification task. Given a case fact de-
scription x, the objective is to predict its corresponding charge
label y from a predefined charge set Y = {1, 2, . . . ,K}, where
K denotes the number of charge categories. As shown in Fig.
1, we compare traditional machine learning methods and deep
learning methods under the same experimental setting.

3.1. Text Representation

For traditional machine learning models, the input case fact
text is represented by character-level n-gram TF-IDF features.
Character-level representation is adopted because Chinese legal
texts may suffer from word segmentation errors, while charac-
ter n-grams can directly capture local expressions in case de-
scriptions. The feature extraction process can be written as:

v = TFIDF(x), (1)

where x denotes the case fact text and v is the corresponding
sparse feature vector.

For deep learning models, the input text is transformed into
dense representations. TextCNN uses character embeddings,
while BERT uses token embeddings and contextual encoding.
These representations are then used for charge classification.

3.2. Traditional Machine Learning Models

Three traditional machine learning classifiers are used in this
paper, including Multinomial Naive Bayes, Logistic Regres-



FIGURE 1. Overall Framework of Criminal Charge Prediction Based on Legal Text Classification.

sion, and Linear Support Vector Machine. All of them take
the TF-IDF feature vector as input.

For TF-IDF with Multinomial Naive Bayes, the predicted
charge is obtained by selecting the class with the maximum
posterior probability:

ŷ = argmax
y∈Y

P (y|v). (2)

For TF-IDF with Logistic Regression, the TF-IDF vector is
first mapped to class scores by a linear transformation, and the
final prediction is obtained by the softmax function:

ŷ = argmax
y∈Y

softmax(Wv + b)y, (3)

where W and b are trainable parameters.
For TF-IDF with Linear SVM, the classifier learns a

maximum-margin decision boundary in the high-dimensional
feature space. The prediction process is defined as:

ŷ = argmax
y∈Y

(wT
y v + by), (4)

where wy and by denote the weight vector and bias term for
class y.

3.3. Deep Learning Models

TextCNN is used to capture local semantic patterns from
case fact descriptions. Given the input character sequence x,

each character is first mapped into an embedding vector. Con-
volutional filters are then applied to extract local features, fol-
lowed by max pooling and a fully connected layer for classifi-
cation. The overall process can be expressed as:

ŷ = argmax
y∈Y

softmax(Wc ·Pool(Conv(Embed(x))) +bc)y.

(5)
BERT is adopted to obtain contextual semantic representa-

tions of legal texts. The tokenized case fact text is fed into the
BERT encoder, and the representation of the classification to-
ken is used for final prediction:

ŷ = argmax
y∈Y

softmax(Wb · h[CLS] + bb)y, (6)

where h[CLS] denotes the contextual representation of the clas-
sification token generated by BERT.

3.4 Classification Objective

For all trainable models, cross-entropy loss is used as the
optimization objective:

L = −
N∑
i=1

K∑
y=1

I(yi = y) log p(y|xi), (7)

where N is the number of training samples, K is the number
of charge categories, yi is the true label of the i-th sample, and
p(y|xi) denotes the predicted probability of class y.



FIGURE 2. Class distribution before and after balanced sampling.

4 Experimental Results and Analysis

4.1 Dataset

The dataset used in this experiment is derived from the train-
ing set of the CAIL2018 [10] legal judgment dataset. This
study focuses on criminal charge prediction based on case fact
descriptions. Each sample contains a fact description and its
corresponding charge label.

Since the original dataset contains cases with different num-
bers of charge labels, we first filter out samples that contain
multiple charges and only retain samples with a single charge
label. Then, the top 10 most frequent charge categories are
selected as the research objects. To reduce the influence of
class imbalance, 5,000 samples are randomly selected from
each charge category. Finally, a balanced dataset with 50,000
samples is constructed.

The dataset is divided into training, validation, and test sets
according to the ratio of 8:1:1. Specifically, 40,000 samples are
used for training, 5,000 samples are used for validation, and
5,000 samples are used for testing. The training set is used to
optimize model parameters, the validation set is used for model
selection, and the test set is used for final evaluation.

As shown in Fig. 2, the original class distribution is highly
imbalanced. Categories such as theft and dangerous driving
have much larger sample sizes than other categories. After sam-
pling, each selected charge category contains the same number

of samples, which makes the comparison among different mod-
els more reliable.

4.2 Implementation Details

In this experiment, five charge prediction methods are com-
pared, including three traditional machine learning models and
two deep learning models. For traditional machine learning
methods, character-level TF-IDF is used to represent case fact
texts. The n-gram range is set from 2 to 4, and the maximum
number of features is set to 200,000. Based on the TF-IDF
features, Multinomial Naive Bayes, Logistic Regression, and
Linear SVM are trained as classification models.

For TextCNN, the input length is set to 512 characters. The
vocabulary size is about 8,000, and the embedding dimension
is set to 128. Dropout with a rate of 0.5 is used to reduce over-
fitting. The model is trained with the Adam optimizer, with a
learning rate of 1× 10−3 and a batch size of 128.

For BERT, we use the bert-base-chinese pre-trained
model. The maximum input length is set to 512 tokens. The
batch size is set to 32, and the learning rate is set to 2 × 10−5.
The model is trained for 20 epochs. All deep learning experi-
ments are conducted on an NVIDIA GeForce RTX 3090 GPU.

Accuracy, Macro-F1, and Weighted-F1 are adopted as the
main evaluation metrics. Accuracy measures the overall classi-
fication correctness. Macro-F1 calculates the average F1-score
of all categories equally, while Weighted-F1 considers the num-
ber of samples in each category.



FIGURE 3. Class-level F1-score comparison of different models.

4.3 Results and Analysis

The overall experimental results are shown in Table 1.
Among all compared methods, TF-IDF with Linear SVM
achieves the best performance, with Accuracy, Macro-F1, and
Weighted-F1 all reaching 0.9764. TF-IDF with Logistic Re-
gression also performs well, achieving a Macro-F1 of 0.9744.
These results show that character-level TF-IDF features com-
bined with linear classifiers are highly effective for this charge
prediction task.

TABLE 1. Experimental results of different models on the test set.

Model Accuracy Macro-F1 Weighted-F1
TF-IDF+NB 0.9524 0.9523 0.9523
TF-IDF+LR 0.9744 0.9744 0.9744
TF-IDF+SVM 0.9764 0.9764 0.9764
TextCNN 0.9730 0.9730 0.9730
BERT 0.9750 0.9749 0.9749

Compared with traditional machine learning methods,
the deep learning models also achieve strong performance.
TextCNN obtains a Macro-F1 of 0.9730, which is close to the
results of Logistic Regression and Linear SVM. This indicates
that convolutional neural networks can effectively capture lo-

cal textual patterns in legal fact descriptions. BERT achieves
a Macro-F1 of 0.9749, slightly higher than TextCNN but still
lower than Linear SVM. Although BERT has stronger contex-
tual representation ability, its advantage is not obvious in this
balanced Top 10 charge classification setting.

The class-level F1-scores of different models are shown in
Fig. 3. Most models perform well on categories such as danger-
ous driving, drug-related crimes, and traffic offenses. However,
the category of affray obtains relatively lower F1-scores across
all models, indicating that this category may have more am-
biguous fact descriptions or stronger overlap with other charge
categories. TF-IDF with Naive Bayes performs worse than the
other models on several categories, especially affray and injury,
which leads to its lower overall performance.

Overall, the experimental results show that traditional ma-
chine learning methods remain highly competitive in criminal
charge prediction based on legal text classification. In particu-
lar, TF-IDF with Linear SVM achieves the best performance
while maintaining relatively low computational cost. Deep
learning models such as TextCNN and BERT also perform
well, but they do not show a clear advantage over TF-IDF-based
linear classifiers in this experimental setting.



5. Conclusions

In this paper, we conducted a comparative study on crimi-
nal charge prediction based on the CAIL2018 legal judgment
dataset. The task was formulated as a legal text classification
problem, and a balanced Top 10 charge dataset was constructed
from single-charge case samples. Several traditional machine
learning and deep learning methods were compared under the
same experimental setting. The results show that traditional
TF-IDF-based methods, especially the linear classifier, remain
highly competitive for this task. Although TextCNN and BERT
can also achieve strong performance, their advantages are not
obvious in the current balanced classification scenario. Over-
all, this study demonstrates that simple and efficient text classi-
fication methods can still provide strong baselines for criminal
charge prediction. In future work, we will further explore more
complex settings, including imbalanced data, larger charge cat-
egories, multi-charge prediction, and domain-specific legal pre-
trained models.
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