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Abstract001

This paper proposes a deep hybrid neural net-002
work model for HSK text grading, aiming to003
accurately assess the difficulty levels of Chi-004
nese texts. The model adopts a hierarchical005
processing architecture, including a character006
embedding layer, a multi-scale feature extrac-007
tion module, a bidirectional LSTM sequence008
encoding module, a multi-head self-attention009
mechanism module, and a classification out-010
put module. By organically integrating scale011
convolutional feature extraction, sequence mod-012
eling, and attention mechanisms, the model ef-013
fectively captures complex linguistic character-014
istics for proficiency assessment. We construct015
a dataset of 4,474 texts based on the latest HSK016
standard textbooks and sample exams, aligned017
with the International Chinese Education Chi-018
nese Proficiency Level Standard (HSK9), us-019
ing a combined “HSK9 + sentence length” and020
“maximum distribution density segmentation”021
method. Experiments show that the model022
achieves an accuracy of 94.17% and a weighted023
F1 score of 94.17%, significantly outperform-024
ing baseline models including BERT (92.32%),025
MLF-BERT (91.05%), and KGMNN (80.36%).026
Ablation studies confirm the contributions of027
each component, with the CNN module con-028
tributing 4.85 percentage points to accuracy029
and the attention mechanism contributing 4.59030
percentage points.031

1 Introduction032

With the rapid development of international Chi-033

nese education, accurately assessing the difficulty034

level of Chinese texts has become increasingly im-035

portant for textbook compilation, instructional de-036

sign, and language testing. Traditional text grading037

methods often rely on manual annotation and sta-038

tistical formulas, which are subjective, inefficient,039

and poorly transferable across corpora.040

In recent years, deep learning techniques have 041

been widely applied in natural language process- 042

ing, and neural network-based text grading models 043

have gradually become a research focus. These 044

models automatically learn deep linguistic features 045

and can more accurately estimate text difficulty. 046

However, existing studies still suffer from three 047

major limitations: 048

• Lack of deep hybrid models for language 049

proficiency assessment: Most current models 050

are designed for general text classification or 051

short-text tasks, rather than for language profi- 052

ciency grading, which involves more complex 053

dimensions such as lexical sophistication, syn- 054

tactic diversity, and discourse coherence. 055

• Insufficient semantic depth in Chinese 056

grading tasks: Existing models often focus 057

on shallow linguistic markers or entity bound- 058

aries. However, advanced HSK texts exhibit 059

high syntactic and semantic complexity, re- 060

quiring modeling of long-distance dependen- 061

cies. 062

• Limitations in data and evaluation: There 063

is a lack of widely recognized datasets aligned 064

with the latest HSK Level 9 standard. Most 065

studies use closed-domain data, and there is a 066

shortage of publicly available baseline models. 067

Evaluation metrics are often single, failing to 068

capture the multidimensional nature of lan- 069

guage proficiency. 070

To address these issues, this paper proposes a 071

deep hybrid neural network model for HSK text 072

grading. The main contributions are: 073

• Dataset Construction: We build a dataset 074

based on the latest HSK standard textbooks 075
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and sample exams, aligned with the Interna-076

tional Chinese Education Chinese Proficiency077

Level Standard (HSK9).078

• Deep Semantic Modeling: The proposed hi-079

erarchical hybrid model extracts features at080

multiple levels. CNNs capture local lexical-081

syntactic patterns, LSTMs model discourse-082

level coherence, and attention mechanisms083

focus on key proficiency dimensions.084

• Multi-Granularity Fusion: The model in-085

tegrates n-gram features from CNNs and086

sequence features from LSTMs, surpassing087

single-level feature extraction.088

• Empirical Validation: Experiments on a089

large-scale HSK dataset show that the model090

outperforms strong baselines in accuracy and091

F1-score.092

2 Related Work093

2.1 Linear Regression Formulas094

Early work adapted English readability formulas095

(e.g., Flesch) to Chinese. Wang Lei (2005) used096

average sentence length, HSK3 vocabulary cover-097

age, and clause count to build a linear model with098

80.3% explained variance (Du et al., 2022). Guo099

Wanghao (2010) introduced “character count” as100

an independent variable, achieving R2 = 0.917101

(Guo, 2010). However, linear models fail to cap-102

ture feature interactions and suffer from threshold103

dependency and corpus drift (Zuo and Zhu, 2014).104

2.2 Machine Learning Models105

Wu Siyuan (2020) proposed a 104-dimensional106

feature pool spanning “character, vocabulary, syn-107

tax, and discourse” levels (Wu et al., 2020). Yang108

Wendi (2020) constructed an 86-dimensional fea-109

ture set across four dimensions (Yang, 2020). Wu110

Jifeng et al. (2025) performed a large-scale analysis111

of 700 reading texts, systematically validating the112

discriminatory power of 12 syntactic complexity113

indicators (wu2).114

2.3 Deep Learning Models115

Xue Xingrong and Jin Qibing (2022) integrated116

contextual and local features via a BiLSTM-CNN-117

Attention model (Xue and Jin, 2022). Cao Xiang118

et al. (2019) validated hybrid neural networks119

for short text classification (?). Chen Kejin et al.120

(2018) combined CNN and RNN with an attention121

mechanism for question classification (?).122

Figure 1: Architecture of the proposed deep hybrid
neural network for HSK text grading.

2.4 Large Language Models 123

Yin Xiaojun (2024) utilized ChatGPT to generate 124

simplified texts for elementary levels (?). Han 125

Xinxin (2025) found that the variance of log prob- 126

abilities of texts generated by DeepSeek signifi- 127

cantly correlated with human-assigned grades (r = 128

0.63) (?). 129

3 HSK Text Grading Model 130

3.1 Overall Architecture Design 131

This paper proposes an automatic HSK text grad- 132

ing model based on a deep hybrid neural network. 133

By integrating convolutional neural networks, bidi- 134

rectional long short-term memory networks, and 135

a multi-head self-attention mechanism, the model 136

constructs an end-to-end classifier aimed at accu- 137

rately assessing the language complexity of Chi- 138

nese texts. 139

The deep hybrid model follows a hierarchical 140

feature extraction and fusion pipeline. The input 141

text is first converted into a character-level index se- 142

quence and mapped to dense vector representations 143

via a trainable embedding layer. Subsequently, this 144

sequential representation is processed in parallel 145

by three core components: 146

1. Multi-scale Convolutional Neural Network 147

2. Bidirectional Long Short-Term Memory Net- 148

work 149

3. Multi-head Self-Attention Mechanism 150
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3.2 Detailed Explanation of Core Hybrid151

Components152

3.2.1 Multi-scale Convolutional Feature153

Extractor154

For an embedded sequence Z ∈ RB×L×dembed , we155

transpose it and feed it into multiple parallel one-156

dimensional convolutional layers:157

Ck = GELU(BatchNorm1D(Conv1Dk(Z
⊤)))

(1)
for k ∈ {2, 3, 4}158

where each Conv1Dk produces Cconv = 128 fea-159

ture maps.160

3.2.2 Sequence Context Encoder (BiLSTM)161

For an Nlayer = 3 L-layer BiLSTM:162
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(Multi-Head Attention)165

For the i

3.2.3 Global Semantic Weight Re-estimator

-th head:166
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(
(HlstmW

Q
i )(HlstmW

K
i )⊤√

dk
+M

)
×(HlstmWi

V )

(3)

167

where dk = dv = 48.168

3.3 Feature Fusion and Decision Making169

Features from different modalities are concate-170

nated:171

Ftotal = [Fconv;Flstm;Fattn] (4)172

This hybrid feature is then passed through a three-173

layer feature fusion network (1920 → 768 →174

384→ 192).175

3.4 Optimization Objective176

The model’s total loss function combines a modi-177

fied focal loss with multi-task learning:178

Ltotal = Lmain + λ · Laux (5)179

The main loss incorporates label smoothing:180

Lmain = − 1

B

B∑
b=1

7∑
c=1

αc(1− ymain,b,c)
γ

×ybL,Sc log(ymain,b,c)

(6)181

with γ = 2.0, ϵ = 0.1.182

Difficulty Level Number of Texts

Level 1 540
Level 2 723
Level 3 1045
Level 4 784
Level 5 1011
Level 6 371
Total 4474

Table 1: Number of Articles per Level in the Final
Filtered Dataset

Model Text_Acc/% Text_F1/%

KGMNN 80.36 80.35
MLF-BERT 91.05 91.06
BERT 92.32 87.20
CNN+LSTM+Attention 94.17 94.17

Table 2: Experimental Comparison Results with Other
Models

4 Experiments and Analysis 183

4.1 Experimental Dataset 184

We compiled 6,269 texts from standard HSK text- 185

books and tests. After filtering using the “HSK9 186

+ Sentence Length” and “maximum distribution 187

density segmentation” method, we obtained a final 188

dataset of 4,474 texts across HSK Levels 1-6. 189

4.2 Experimental Setup 190

The dataset was split into training, validation, and 191

test sets in an 8:1:1 ratio. Key hyperparame- 192

ters: word vector dimension=256, max sequence 193

length=200, BiLSTM layers=3, attention heads=8, 194

optimizer=AdamW (lr=8e-5). 195

196

197

4.3 Baseline Model Comparison
We compare with three strong baselines: BERT,
MLF-BERT , and KGMNN . 198

4.4 Results and Analysis 199

Our model achieves an accuracy and weighted F1 200

score of 94.17% on the test set, outperforming all 201

baselines (Table 2). 202

4.5 Ablation Study and Results 203

Ablation studies confirm the contributions of each 204

component (Table 3). 205

The ablation experiment results indicate that the 206

full model achieved an accuracy of 94.17% and an 207
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Model Variant Text_Acc/% ∆Acc

CNN+LSTM+Attention 94.17 -
-CNN 89.32 -4.85
-Attention 89.58 -4.59
-CNN & -Attention 85.42 -8.75

Table 3: Ablation Study Results

F1 score of 94.17%, significantly outperforming all208

simplified variants. Removing the CNN module led209

to a 4.85 percentage point decrease, indicating its210

key role in local feature extraction. Removing the211

attention mechanism led to a 4.59 percentage point212

decrease, demonstrating the necessity of adaptive213

weight allocation.214

5 Conclusion215

This paper proposes an HSK text leveling model216

based on a deep hybrid neural network. By or-217

ganically combining multi-scale convolutional fea-218

ture extraction, Bi-directional LSTM sequence en-219

coding, and multi-head self-attention mechanisms,220

accurate evaluation of Chinese text difficulty is221

achieved. Experimental results show that the model222

achieves an accuracy of 94.17% and a weighted F1223

value of 94.17% on the test set, significantly out-224

performing baseline models. Ablation experiments225

further verify the contribution of each component.226

This study provides an efficient and accurate deep227

learning method for HSK text leveling.228

Future work will further explore model optimiza-229

tion and the application potential of this model in230

other language text leveling tasks.231

Limitations232

Currently, there are relatively few texts for HSK7-9233

difficulty levels. In the future, we will increase the234

scanning of HSK7-9 difficulty level texts, expand235

the dataset, and enrich research.236
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