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Abstract According to the great challenge of summarizing and interpreting the information of a long article in
the summary model. A summary model (Fine-Grained Interpretable Matrix, FGIM), which is retracted and then
generated, is proposed to improve the interpretability of the long text on the significance, update and relevance, and
then guide to automatically generate a summary. The model uses a pair-wise extractor to compress the content of
the article, capture the sentence with a high degree of centrality, and uses the compressed text to combine with the
generator to achieve the process of generating the summary. At the same time, the interpretable mask matrix can be
used to control the direction of digest generation at the generation end. The encoder uses two methods based on
Transformer and BERT respectively. This method is better than the best baseline model on the benchmark text
summary data set (CNN/DailyMail and NYT50). The experiment further builds two test data sets to verify the
update and relevance of the abstract, and the proposed model achieves corresponding improvements in the
controllable generation of the data set.
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Fig. 1 FGIM model structure diagram
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% 2 CNN/DailyMail F1NYT50 %35 £ I ROUGE

M ER(%)
Table 2 ROUGE scores on CNN/DailyMail and NYT50 (%)

— CNN/DailyMail NYTS50
R-1 R-2 R-L R-1 R-2 R-L

PG+Coverage 39.53 1728 36.38 4371 2640 37.79
Select-Reinforce 40.88 17.80 38.54 - - -
Inconsistency-Loss 40.68 17.97 37.13 - - -
Bottom-Up 4122  18.68 3834 4738 3123 4181
Explicit-Select 41.54 18.18 36.47 - - -
SENECA 4152 1836 38.09 4794 31.77 4434
BERTSumAbs 41.72 1939 38.76 4892 30.84 4541
FGIM-Transformer ~ 4165 1889 37.04 47.63 3010 4394
FGIM-BERT 42,12  19.52 39.07 49.41 3222 45.83
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DA BR300 2 RE AL MG 2 . Pl 5 B A5 4R T
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%3 FGIM-BERT R[4 88 LE 55 (%)
Table 3  Controllable performance comparison of FGIM (%)

Al B {H R-1 R-2 R-L
0 4478 35.39 30.33
0.3 45.661 36.281 43.051
FHE(e,)
0.4 45261 36.081 42.671
0.5 45281 35.901 42711
0 4135 18.50 38.57
o 3 41411 18.571 38.621
HXKE(E,)
0.5 41.521 18.671 38.55)
0.7 4127 18.44| 38.43]
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longevity”(" X £&) AN —FF 8 i 22 m) K 61), T
SR SCRY R B 2 A, X SO A R B A A
B
3.5.2 ANIiffHh

Sy Ik TR FE R OC B AT 45 S A HERA R, AS
SO R 1) 28 PR HE I 09 7 i A7 N L PEA .

) 25 0 e R ) A R X, X R 4 A A A
BTG . HARERTSHMEN R AR, &
5535 B 52 FGIM £ 4t AL Al JHE 22 A58 80 A6 Bl i 47 22,
SR 45 () 28 B AR R U I RV . AR AR T2 28
HEATAT 43 (0~5 43), ShrifE B R, 15085,
Ui BTS2 A 2 1Y) R D B

PREHEF Tk S 538 AR SCR RN X
Z SR 2 B 44 R G0 (B & FGIM) AR J iy 4 22
MR FEE AR ME (S B it . BTA B . A G FLR
JEE S5 ) B A B RN A 25 A L . TR R G
% R B I (Best, 1)F1H 22 (Worst, —1){H Z IR B EE 1Y
A, YEREA RGN (-1~1),

F 4 LT )28 FAR HEHE T 19 N T F Ak 25
Horb Gold WEHEE T A E NS HIE, 1E AR
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Gold Summary

« Police officers have shut down an enormous 1000 rave in Sydney’s east.

(@)

* They were called to abandoned industrial area in botany on Saturday night.
« Police were forced to use capsicum spray on the group after back up came.
* One officer had glass removed from his headafter the crowd threw bottles .

FGIM

» A woman was arrested and is being questioned after assaulting an officer .

« ... have sustained injuries after attempting to_close down an enormous 1000 rave ... .

* One officer had to have a piece of glass removed from his head after having a bottle thrown at him.

Control by Relevance (¢, = 0.5)

* ... sustained injuries after attempting to close down an enormous 1000 person rave in Sydney’s east.

« Police were forced to use capsicum spray on ... and one officer had to have a piece of glass ... .

* A 26-year-old woman was arrested after she allegedly assaulted an officer .

Gold Summary
« Jeralean Talley was born on may 23, 1899.
« She credits her longevity to her faith.

« Inherited the title of world’s oldest person following the death of Arkansas woman ... .

(b)

FGIM

* Jeralean Talley was born in rural montrose on may 23, 1899 , and credits her long life to her faith.
« Asked for her key to longevity, the Detroit free press reports .
* Gertrude Weaver, a 116-year-old arkansas woman who was the oldest ... .

Control by Novelty (e, = 0.3)

* ... tops a list maintained by... Geron planck , which tracks the world’s longest-living prople .

« Talley’s five generations of her family have lived in the Detroit area .

« Talley was born on may 23, 1899 , and credits her long life to her faith.

2 FGIM B i L] 2 B 45 3R
Fig. 2 FGIM Model instances generated results
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Table 4 QA-based and criteria-based human evaluation

FrifEHE
iy QA
fRREME  ZRME MM Wik
PG+coverage 26.0 —0.28 —0.43 —0.05 —-0.39
Bottom-Up 313 —-0.07 0.02 —0.08 —0.02
Inconsistency 29.8 —-0.10 -0.12 —-0.15 —-0.14
FGIM-BERT 39.2 0.15 0.14 0.15 0.12
Gold - 0.30 0.40 0.13 0.48
Botomup - ~ 023 007 015 -
FGIM-BERT - 0.10 0.03 0.05 -
FGIM (¢, =0.3) - 0.05 0.10 0.02 -
FGIM (6.=0.5) - 0.07 —0.02 0.07 -
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A A A 0] 24 7 s h B B A A, SRR A
AR LB o X AR ] R) A, A T A SRR
FGIM-BERT AU 25 Y 1IE 0 25 22 19 L il B K. 7EAR
HEHERF 58 — HHEZ T, s RGER 1T HESA,
FGIM-BERT 2 4t A= il fil 2 M RCR 4. 55 2 HE
22 T B A 35 T T R LAH DG B 1Y FT 4% FGIM &
5t, [F 5 Bottom-up Ml & 4 FGIM-BERT # 17 kb
B, RRGSTHERGE, R84 RNHEES

FEPEIE bR h R B4, Mz A A RS, A2l
A A 5 SCRE A DG DT TR I 4

4 &t

AR SCHRE H — b 35 T IR E AT i R A I 1) A A
FGIM, 38 i € 37 2067 B A0 T i B 942 Jrly B o 22 /4]
T, SIS A N, HE—20 Hh, BERLR] AT R R
P () BT R RN A) - 5 SO R G ) A 45 il S 75
A R EAI BRI 2R, I SR R
$E T AT P B bR i o] g R SR PR AE
SRR A, RS A R TP R RS A . TR
W5~ 3 548 42 (CNN/DailyMail FI NYT50) | i) 52
B 5 SR, AR SCHE AT R X B f R () A HR 4
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