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Dynamic Masked Text Summarization Method Based on Sentence Balancing Strategy

LEI Gang, LIANG Kun, HUANG Yueyang, ZHANG Xiankun
(College of Artificial Intelligence, Tianjin University of Science & Technology, Tianjin 300457, China)

Abstract: Automatic text summarization technology is one of the focal research directions in the field of natural language

processing. In response to the weak ability of existing feature extraction methods to capture semantics and the presence of a
large amount of information redundancy in summary results, in our present studywe adjusted the way word vectors were
generated during the sentence embedding stage and the masking strategy. At the same time, a joint evaluation mechanism of
redundancy and criticality was introduced in the sentence selection stage, and experiments on extracted summaries were
conducted on Chinese short text and long text datasets, respectively. The experimental results showed that by making a series
of improvements in the sentence embedding and selection stages, the performance of our model was significantly better than

other benchmark models such as TextRank+BERT, BERTSUM, etc.
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Tab.3 Experimental results of the LCSTS datasets

Fi 23 80%
M
ROUGE-1 ROUGE-2 ROUGE-L

MMR 21.71 11.77 20.41
MASS 2231 9.54 19.29
TextRank+BERT 23.63 12.63 21.98
BERTSUM 29.41 15.57 2521
Matchsum 30.78 15.54 27.94
StarSum 31.26 15.61 29.03
AR SCAR A 33.99 15.64 31.24
BT +12.28 +6.10 +11.95

ARBR LGSR

LCSTS J& 4t R R SCA R ZE A 4, ANBEFE o)
i IR R P REATZ AL BE 1, PIA SR T A3
KICARHHEEE CSL. CSL Ik B v F NI
WO EAR L, IR SCE T ¥ 508 200, L
A& LCSTS ) 2 ff. CSL HdERAISLIE R IEK 4.
I 4CSL HURERISLINEER
Tab.4 Experimentalresultsof the CSL datasets

Fi 73 8U%
]
ROUGE-1 ROUGE-2 ROUGE-L

MMR 23.69 13.24 22.67
MASS 24.54 11.56 21.45
TextRank+BERT 2534 15.38 23.79
BERTSUM 30.03 17.64 26.63
Matchsum 31.19 17.79 28.92
StarSum 33.43 18.54 29.69
AR 35.04 19.23 31.02
BARRAL +11.35 +7.67 +9.57

B 3. 3R 4 A, A SCHEALE A 0 b s g
A5 T HRIFRIPERE. MMR A TextRank+BERT Fiff
I 46 B 1) 8 BN —, AN H R T )
MR, HL B3V 5 A P 1 ) T AR AL T 55 vk
X SCA I E SUANBEREAT R 4248, & R7E ROUGE
fabr ERIERZESR, WA FEREREEE TR
PEEC SR BT AT . MASS BEEUE FH 1 752 6L
Hl AL E N T A A E, (HE R RELE R
FHR R P R4 RS R XU 4 RS B E
SCRY ) E P 2 AN A G B, AN SC AR A A
FABUZ Transformer 4 SCRYZRFAE TR AN T IX AN EREE .
)55 BERTSUM. Matchsum. StarSum #5544
b ROUGE 184535 — & $2 7t , 1t BHd it 2 45 18 55 45
RUFEAT )TN RE 05 U B 4 ) S ECRICR
3.4 HRRSELY

N T AT N R TE ) TR N R R) T B R R
UG R PE R ) B AR A, HEATVH AR SEG, S5
W 5,

£S5 HBMSIBER
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