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" p R Fl p R Fl P R Fl
HlE 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
AHSEMFFE 0.88 0.63 0.73 0.81 0.66 0.73 0.87 0.61 0.72
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# ik 0.86 0.85 0.85 0.85 0.84 0.84 0.85 0.85 0.85
x4 ETEEBRIRER
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&7 SVM IG4h

o B AR BB FWNE
L]
p R Fl p R Fl P R Fl
HlE 1.00 1.00 1.00 0.57 0.49 0.52 0.73 0.71 0.72
AHSEMFFE 1.00 0.20 0.33 0.64 0.01 0.02 0.38 0.21 0.27
Jrik 0.70 0.82 0.75 0.49 0.80 0.61 0.58 0.48 0.52
SE 0.57 0.80 0.67 0.61 0.50 0.55 0.56 0.72 0.63
45t 0.97 0.55 0.70 0.61 0.10 0.18 0.76 0.80 0.78
EZ20N 0.80 0.74 0.73 0.58 0.38 0.38 0.62 0.63 0.62
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L) SIE MR Tk %4 4k At
515 99.00% 0 0.80%  0.20% 0 100%
MBI 5.58%  39.06% 53.22% 2.14% 0 100%
Jrik 0.74%  0.59% 91.59% 6.64%  0.44%  100%
S 0.27%  0.27% 20.42% 77.57% 1.47%  100%
45k 0 0 1.00%  7.42% 91.58%  100%
i 105.59% 39.92% 167.03% 93.97% 93.49%  500%
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Research on Structure Function Recognition of Academic Text Based on Multi-level Fusion
Wang Jiamin'”  Lu Wei'® Liu Jiawei'> Cheng Qikai'”’
" School of Information Management, Wuhan University, Wuhan 430072
? Information Retrieval and Knowledge Mining Laboratory, Wuhan University, Wuhan 430072

Abstract. [ Purpose/significance ] The structure function of the academic text refers to the summarization of aca-
demic text structure and section function. While few of existed studies pay attention to the fusion of multi-level structure of
academic text, and the traditional methods usually rely on artificial experience to build rules or features. After the analysis
of the multi-level structure of academic text, we construct a structure function recognition model based on multi-level fu-
sion. [ Method/process] We use the academic text dataset from ScienceDirect for experiment. First, we apply deep
learning algorithms to identify the structure function of academic text at different level. Then we employ the voting method
to fuse the results from different levels and models. [ Result/conclusion] The results show that the performance improved
to varying degrees after fusion. The precision, recall and F1 value of the combined results reached 86% , 84% and 84% ,
respectively. Compared with the traditional machine learning algorithm SVM, the deep learning algorithm has better per-
formance in the task of academic text classification. Finally, we analyze the misclassification of the structure function of
academic text and point out the potential application fields and future research directions.

Keywords: deep learning structure function multi-level fusion academic text

(EHERTIE)RBEEFZARBESN

(B AGR TAE ) — B AR T 2 AR SORER AL A 2RSSR B i, IO T 22 AR R, 81
HERLEF 2R ZS o 2013 ARAESLIIT AT HF I A6 DA T (B A5 AR A0 UG T~ R B P A2 R ERBE IR 15 74 1)
(faFRCA ) ) (U :http://www. lis. ac. en/CN/column/item202. shtml) , ifiJ& 342 3k il 1T I % A (o [l P A3 68 2 1741
S PR 2 AR AR A A7 3 i) (FRARCB S 47 3 ) ) (WL : hitp://www. lis. ac. en/CN/column/item247. sht-
ml) o g BRI E 98 IX — BRE A FRSEE A W], BV RS, A7 0 1 8 A0 v 150 Rm A TR 1830, A0 Sy L (R BT
KBTS ) | [ S8R RS AR A AR Ao CEIF R AR X — U0 b 2% 93 S5 25 A ROR
AT R BB ST T A2 I RO A A5 T BL

CIE AR AR ) Ae kAt

N~ N~ N~ N~

104



