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Abstract

In the widely applied text multi-classification task of natural language processing, this paper aims
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to explore the most suitable model selection for practical implementation. From the perspectives
of prediction accuracy and response latency, we conducted a comparative study on the performance
of the generative model Qwen3-0.6b and the discriminative model Bert-base in text multi-classifi-
cation tasks. The experiments were based on the THUCNews news dataset, with four comparison
groups set up: Bert fine-tuning, Qwen3-0.6b zero-shot prompting, Qwen3-0.6b full-parameter fine-
tuning, and Qwen3-0.6b LoRA fine-tuning. The results demonstrated that, under the same training
data conditions, the discriminative model outperformed the best-performing generative model ap-
proach in both macro-average F1 score and prediction speed, achieving improvements of 0.8% and
356.8%, respectively.
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Figure 1. Structure of Bert model
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Figure 2. Linear classification layer
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Table 1. Bert finetune parameter setup

%% 1. Bert @A 8L E

SHATR WEME
Ir_scheduler_type cosine
learning_rate 1.0e-5
train_batch_size 64
eval batch_size 256
num_train_epochs 3
weight decay le—6
eval steps 0.05
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Table 2. Qwen3-0.6b full parameter SFT setup
52 2. Qwen3-0.6b £ S HMIFFESHIRE

ZHATK wEME
per_device train_batch size 12
gradient_accumulation_steps 8
learning_rate 1.2e-5
warmup_ratio 0.01
num_train_epochs 3
Ir_scheduler_type cosine
bfl6 true
4.3.4. Qwen3-0.6b Lora i@/ S8R E
Qwen3-0.6b Lora il /7 1A ZH B W55 3 P
Table 3. Qwen3-0.6b Lora finetune parameter setup
%% 3. Qwen3-0.6b Lora A ES IR E
SRR wEMHE
rank 16
lora_alpha 32
lora_dropout 0.05
bias none
per_device train_batch_size 8
gradient_accumulation_steps 4
learning_rate 4
3

num_train_epochs
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Figure 3. Overall experimental results bar chart
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Table 4. Overall experimental results

F 4. BHEILEER

LI 77 PRS2 tiES FF AR E F T Fl
Bert {14 0.939 0.938 0.938
Qwen3-0.6b EFEA 0.789 0.790 0.789
Qwen3-0.6b 2=l 0.930 0.930 0.930
Qwen3-0.6bLoRA i 0.912 0.911 0.911

4.5.2. FEHFRIEBRE ST
SRR DU 20 7 & 4 TR Bsf i N, T TA RTX 3090 (24 G) & -FidkAT, TSR is 7 4 1)
TR, SRWE S PR

70

Bertf{i i Qwen3-0.6bEFEA  Qwen3-0.6b4Z 1 Qwen3-0.6bLoRATK I

Figure 4. Predict speed results bar chart
4. HEIRR MRS AT E

Table 5. Predict speed results
2 5. HEEREE IR EE R

ST A TR ZHi=
Bert i 60.3 0.1B
Qwen3-0.6b FFEA 12.9 0.6B
Qwen3-0.6b 4= i 13.2 0.6B
Qwen3-0.6bLoRA i 10.65 0.63 B

MFE 5 ME 4 WA, I Bert SRS ACE BN, (X 0.1B, HAEMPEGERIL, HAZHmH KR
Wi, kT Qwen3-0.6b )5 %, S HURMERIERIL T FHEA, LT LoRA AT 3. Hikth, Qwen3-
0.6b Z iR, 2R S, EMRERLNJCH e LN SRR, EE AR HIK, Qwen3-0.6b F
FEARDT R B B E5EE . 22390, MR plSEE R, SUER TR 8k TS 0oR
Ji%. A, Qwen3-0.6bLoRA filtifil )y s A — MM ES KL, £ 0.03B, BRAHERN, 5 ZA5
IS, A R AR AR
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Figure 5. Bar chart of F1 scores for different numbers of classes
5. NEZEHH F1 ENRERERE
Table 6. Results of F1 scores for different numbers of classes
F 6. TEIZLHE F1 EMRER
KR T5i 4 FG K Fl 9 HH5r K Fl 14 28515 2K F1
Bert fi 0.945 0.942 0.938
Qwen3-0.6b EFEA 0.851 0.818 0.789
Qwen3-0.6b 4= 2 0.941 0.936 0.930
Qwen3-0.6bLoRA 71 0.921 0.915 0911
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