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Comparative study on traditional and large model-based techniques for
Chinese text classification: Leveraging both paradigms

WEN Fei

(ZhongZhuoxin (Beijing) Technology Co., Ltd., Beijing 100085, China)

Abstract: This paper focuses on exploring and practicing the evolution of Chinese text performance differences between traditional
methods and advanced algorithms based on large models across various text classification tasks. The paper delves into extensive
investigations across foundational datasets for sentiment analysis and multi — class text datasets laden with intricate professional
information, systematically comparing traditional statistical learning approaches, classical deep learning algorithms, and the currently
influential pre—trained large models such as BERT and LLMs. Central to the proposed research is the enhancement of classification
accuracy, while concurrently assessing the resource efficiency and training time effectiveness of each model. With respect to pre—
trained large models, the paper employs prompt engineering techniques and model fine — tuning strategies to optimize their
performance. The proposed experimental outcomes vividly demonstrate the substantial advantages of large models in understanding
and leveraging linguistic context, thereby boosting generalization capabilities, universally reduces the error rate by more than 10%
across diverse datasets and validation sets. Meanwhile, the proposed findings confirm the unique and effective application value of
conventional techniques under specific scenarios. Through systematic comparative analyses, this study aims to provide strong
evidence and direction for the scientific selection and future development path of Chinese text classification technologies.
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Table 2 Comparison of sentiment classification for jd dataset

Method Memory usage/GB ~ GPU usage/GB  Training time/s  Accuracy
Naive Bayes Classifier 0.235 - 0.013 0.880
Logistic Regression 0.240 - 0.347 0.900
Random Forest 0.371 - 90.009 0.880
Support Vector Machines 0.243 - 509.200 0.880
XGBoost 0.281 - 477.931 0.790
TextCNN 2.523 0.813 164.876 0.885
BERT (based on the bert—base—Chinese model) 3.473 5.429 5.335%10° 0.935
BERT (based on the bge—large—zh-v1.5 model) 4.501 13.041 17.359x10° 0.920
Prompt ( based on the chatglm3—6b model) - - - 0.870
Prompt( based on the qwen—7h~chat model) - - - 0.855
Prompt ( based on the qwen—max model ) - - - 0.900
Prompt( based on the qwen—turbo model ) - - - 0.880
Fine—tuning( based on the chatglm3-6b model, 100 samples) 2.512 22.766 528.854 0.910
Fine—tuning( based on the chatglm3-6b model,500 samples ) 2.505 22.766 2.648x10° 0.930
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Table 3 Comparison of sentiment classification for filtered dataset

Method Accuracy
Naive Bayes Classifier 0.920
Logistic Regression 0.940
Random Forest 0.930
Support Vector Machines 0.940
XGBoost 0.840
TextCNN 0.925
BERT (based on the bert—base—Chinese model ) 0.980
BERT (based on the bge-large—zh—v1.5 model) 0.970
Prompt( based on the chatglm3—-6b model) 0.905
Prompt ( based on the qwen—7b—chat model ) 0.905
Prompt( based on the qwen—turbo model ) 0.945
Prompt( based on the qwen—max model ) 0.985

Fine—tuning(based on the chatglm3—6b model, 100 samples ) 0.975
Fine—tuning(based on the chatglm3-6b model ,500 samples ) 0.975
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Table 4 Comparison of text classification scheme

ES e P B,
G242 i/ TextCNN o BEALIN YNGR, B PR BERAL , A 1 BEFNZ AL BE AR X5 55
BERT [ Y 25 YRR, B IR R rh 4

FAERY P rompt

PN R

T/ NG ENGR, AT R IR A R
[ A AR /NS R IR AT /N Bl B, i
IR R SH BRI E ROR A 1E 2 TR

e P RE B T H AR TR

EIRESRAIX R

FERIAL )k

22 ERNAKREZHELHE

2.1 TR SEEG ARG . T ORAGE B AR B B SO
FAL S5 i B RE , (HATS AN RE i 1 W7 e R Y g
SEFNLNS A SCA 73 b, RS L, i Th X A2 %
SCAHY 22250 73 S IR RBUNY , R A TR f) 1 RE e B R
B A, XA SR S A R S A Bl
TR N A IR AT 55

FE TR SR T NCAA2024 - rh SO RIS 7]
FYIETIEEAR 2R SRR PR PR 2 25 Lol 40
S, PN IR AR e, 8 Ty R 3 B 2
Tl R 70 R LB 1, 5 2 5E 70 4R A
KGR AV ATR, I AR AR 0 S 5
B, BREde , N AR AT REAF AR 1R 22

SR JE S — R, (AR R 1 J7 9 6 X
BT TIPS AR SRR A R IR 5

RS NCAA2024 IREX A KERLE
Table 5 Comparison of text classification for NCAA2024 dataset

Method Accuracy
Naive Bayes Classifier 0.690
Logistic Regression 0.710
Random Forest 0.670
Support Vector Machines 0.710
XGBoost 0.670
TextCNN 0.695
BERT ( based on the bert—base—Chinese model) 0.769
BERT (based on the bge-large—zh—v1.5 model ) 0.770
Prompt( based on the chatglm3—6b model) 0.520
Prompt( based on the qwen—7h-chat model) 0.520
Prompt ( based on the qwen—turbo model ) 0.530
Prompt( based on the qwen—max model ) 0.520
Fine—tuning(based on the chatglm3-6b model 500 samples ) 0.737

Fine—tuning( based on the chatglm3-6b model ;9 000 samples)  0.783
ML B K T RE S 1, BERT 28 i (3 i)
TN H RIS T HPERER I, 5
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N G2 A AT BETH I AR KPR

SR, ik — 2D o3 BT A 3], 2 A n] D o X 432
WRARHEATTEAN AR 34 | LE A AL B4R B S A
N4 T 53 28 B A W BT 5 ml 0, 3k A ) 2L
ATy, —J7 T, AEAEME LR TR 3 0918 5ok 58
R RGP HRUE ; 53— T T, RV 43 SR
1T TRERFRIR AT XT3 S0 1L I ) 2 it i i FH
T 5 NEE BRI e, WA, JoHAE 225
[i] P s SRS b | R ARY 1 3R B0 U 5 AN A

TEANFE A 73 I 5 5% F R T 5 B Y Prompt
TR R R 6, RAEWTR 2=y
FPEon IR THER R (H N SEI A5 ROk T | 2Rk
PEIFARAT R W 3E ROCRR T, it — 205 A 4 B
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Table 6 Comparison of prompt engineering results for LLMs

Method Accuracy
chatglm3-6b 0.525
qwen—7h~-chat 0.525
qwen—turbo 0.530
qwen—max 0.525
qwen—max ( employing COT) 0.590

RTFRTE H R Prompt 432507 s B MERTE
2248 R knn —few —shot learning % 1% | BV ZE 43 20
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Table 7 Comparison of prompt engineering results for LLMs

Method Accuracy
chatglm3-6b 0.565
qwen—"7b~—chat 0.655
qwen—turbo 0.740
qwen—max 0.775
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