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Figure 6 Loss curve of training on the scientific dataset
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Table 6 Spearman correlation coefficients of different

models on Chinese semantic matching data

p
Al Chinese-

AFQMC LCQMC STS.B PAWS-X

BERT 0.737 8 0.771 6 0.630 8 0. 578 7
RoBERTa  0.433 7 0.773 4 0.707 9 0.589 0
PERT 0.367 1 0.7853 0.689 8 0.599 0
LERT 0.7109 0.785 7 0.682 8 0.598 1
CSDSM 0.782 6 0. 800 6 0.808 5 0.629 6

xR7T AEEREMFHEELOIG S0
Table 7 Different models’ instance analysis on

scientific datasets

g AR GZAR L
FEAR T HEAR2 HA3 KR4 HEARS
BERT ~ 0.7454 0.8734 0.9864 0.9920 0.474 3
RoBERTa 0.7343 0.9603 0.9824 0.9933 0.3630

PERT 0.636 7
LERT 0.748 0
CSDSM 0.289 3

0.9428 0.9743 0.9932 0.1419
0.8975 0.9791 0.994 6 0.558 3
0.779 6 0.968 4 0.993 6 0.4610

8 ARBEAEMNFHEE ENXFITMNER
Table 8 Prediction results of different models

on instances in the scientific datasets

" PR
LR : : : : :
BEAR T BEAR2  BEAR3 REAR4 BEAERS

BERT 0 1 1 1 0
RoBERTa 0 1 1 1 0

PERT 0 1 1 1 0

LERT 0 1 1 1 0

CSDSM 0 0 1 1 0
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Semantic Matching Model for Chinese Scientific Datasets

LIU Jianping"?, CHU Xintao', WANG Jian’, GU Xunxun', WANG Meng', WANG Yingfei'

(1. College of Computer Science and Engineering, North Minzu University, Yinchuan 750021, China; 2. The Key Laboratory of Images
and Graphics Intelligent Processing of State Ethnic Affairs Commission, North Minzu University, Yinchuan 750021, China; 3. Agricul-

tural Information Institute, Chinese Academy of Agricultural Sciences, Beijing 100081, China)

Abstract: In order to address the difficulty of existing word-level semantic matching models in understanding sen-
tence-level scientific dataset metadata, a sentence-level semantic matching ( CSDSM ) model for Chinese scientific
datasets was proposed. The model used the CSL dataset to train and generate the CoSENT pre-training model based
on SimCSE and CoSENT. Building upon the CoSENT model, a multi-head self-attention mechanism was introduced
for feature extraction, and the final output was obtained by weighting the cosine similarity and KNN classification
results. Experimental data from the National Earth System Science Data Center’s open semantic metadata informa-
tion was used as a self-built scientific dataset. The experimental results showed that compared to the Chinese BERT
model, the proposed model improved the Spearman’s p index by 0.044 8, 0.029 0, 0. 177 7 and 0. 050 9 on the
public datasets AFQMC, LCQMC, Chinese-STS-B, and PAWS-X, respectively. Additionally, F1 and Acc on the
self-built scientific dataset were improved by 0. 078 8 and 0. 063 4 respectively. The proposed model effectively ad-
dresses the problem of sentence-level semantic matching in scientific datasets.

Keywords: text matching; semantic matching; pre-training model; scientific datasets; natural language processing

(L4555 70)
Image Super-resolution Reconstruction Network Based on Double Feature

Extraction and Attention Mechanism

BO Yangyu, WU Yongliang, WANG Xuejun

(College of Information Science and Technology, Shijiazhuang Tiedao University, Shijiazhuang 050043, China)

Abstract ; In the process of image super-resolution reconstruction, high frequency features might be ignored, which
would lead to insufficient extraction features and fuzzy texture details in the reconstructed image. To solve this prob-
lem, an image super-resolution reconstruction network based on double feature extraction and attention mechanism
was proposed. In particular, in this study, a two-branch network for feature extraction was proposed to solve the
problem that high frequency features and multi-scale features could not be effectively extracted and uniformly fused
during image reconstruction. In addition, in order to make the network obtain more accurate high-frequency fea-
tures, a local spatial attention module was proposed, and combined with channel attention. A residual fusion atten-
tion module was constructed to improve the network’s ability to locate high-frequency features. Finally, the atrous
pyramid module was designed to enlarge the receptive field of the network and enable the multi-scale feature extrac-
tion. Experiments were carried out on four benchmark datasets, and the results were better than the current ad-
vanced methods. Especially when the super-resolution multiple was 4, the proposed method improved the optimal
PSNR by 0. 16, 0.08, 0.03 and 0. 20 dB, respectively, compared with the current mainstream models. The exper-
imental results shown that the proposed method achieved better improvement in visual effect and quantitative analy-
sis.

Keywords: image super-resolution reconstruction; local spatial attention; residual fusion attention; atrous pyra-

mid; double feature extraction





