2026 &£ 2 A
Feb. 2026

®16E £2H 2 B it E M5 M A

Vol. 16 No.2 Intelligent Computer and Applications

PELAE, IR, RGNS T TR R SO A RS [T ). B Re TSI S M ,2026,16(2) :1-7. DOIL: 10. 20169/j.
issn. 2095-2163. 24040901

B R 5 2 ST S A A BR B T | S A R 5

BEHE, K &
(ARERXZE HENZR KEZER NEZEREFE, BR 210023)

T E. XTI BT SCAR TR BEAS = /NEEAS I SRt e 2 S )1, 38 B — P det i o 5 A BPFP, 8 5, ZE AR B ik
A ZRlGF e s B AN B S, Fir g A0 8 E BAE UE B, HR, /> T Transformer il #% 105, 42 55 Tl
SRR, BE A T BRI BT R AORS B A R B R /NVEE AR BN A IR TR IIRCR . LA R EoR, FER
K [ BPFP AR A 7R L4 18 5 AR AN — /) T v 4 2 o0 A S AR AR T 3. T% & 6. 9% , 7EJH SCAR B4 I, Eff
BT 5. 9% F 12.3% , NGB RIGEHE T4 =02 —, A CHFEBIRIRELH T i &t

KW ARETAIE; STRBUN; 1A% Bl

FESES . TP391.1 XERFRERD . A X EHES . 2095-2163(2026)02-0001-07

Research on pretraining model integrating hint learning and attention module
JIANG Anxiang, ZHANG lJie

(School of Computer Science, School of Software, School of Cyberspace Security, Nanjing University of
Posts and Telecommunications, Nanjing 210023, China)

Abstract: Aiming at the problems of low text prediction accuracy and poor training results of small sample, an improved language
model BPFP is proposed. Firstly, word vector information and position coding information are fused in the model embedding layer
to better integrate position information and semantic information. Secondly, the number of Transformer encoders is reduced and the
training speed is improved. Finally, the prompt learning module is integrated to improve the overall accuracy and achieve good
results on small sample data sets. The experimental results show that the accuracy of BPFP model in occlusion language model and
next sentence prediction is improved by 3. 7% to 6. 9% compared with the mainstream model on the long text data set, and the
accuracy is improved by 5. 9% to 12. 3% on the short text data set, the training time is shortened by about one—third and the model
shows stronger robustness.
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Table 1 Performance of models on long text datasets

LAY MIm_ace/ % Nsp_ace/% Mim_loss Nsp_loss loss
HLJi] RNN 48.2 88.9 - - -
Word2Vec+LDA 50. 1 86. 8 - - -
BERT 65.0 95.5 3.20 1.45 4.65
BERT+CNN 66.2 96.0 1.98 0.96 2.94
BERT+BiLSTM 68. 4 9.0 2.05 1.85 3.90
ChpoBERT 72.6 98. 8 1.90 1.23 3.13
BPFP 71.9 99.2 1.09 0.01 1.10

R2 BEUABIEEHEIRY

Table 2 Performance of models on short text datasets

TBETRY Mlm_acc/% Nsp_acc/% MIm_loss Nsp_loss loss

XL RNN 48.4 87.2 - - -

Word2Vec+LDA 55.1 88.2 - - -
BERT 69.0 92.3 2.20 1.15 3.35
BERT+CNN 70.2 93.0 1.08 0.90 1.98
BERT+BiLSTM 75. 4 96.0 1.36 1.05 2.41
ChpoBERT 76.6 9.8 1.36 1.03 2.39
BPFP 82.5 99.5 0. 61 0.03 0. 64
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