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downstream summary generation tasks, as well as the poor readability caused by repeated con-
tent in the generated texts, an automatic summary model called T5-PEGASUS-PGN is proposed
based on T5-PEGASUS and pointer generation networks. This model first utilizes T5-PEGASUS to
obtain the most semantically consistent word vector representation. Then, with the help of the
pointer generation network that applies the coverage mechanism, high-quality and readable final
summaries are generated. Experimental results on the public long-text dataset NLPCC2017 show
that compared with models such as PGN and BERT-PGN, the T5-PEGASUS-PGN model, which com-
bines a pretrained model that fits the downstream summary task better, can generate summaries
that are more consistent with the original text semantics, contain richer content, and effectively
suppresses repeated content generation. At the same time, we have raised the Rouge-1 metric to
44.26%, the Rouge-2 metric to 23.97%, and the Rouge-L metric to 34.81%.
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Figure 1. T5-PEGASUS-PGN Model
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T5-PEGASUS SRHUHT 8 SCAKIE KR, AJERIHEIN T coverage ML HIFEET 2% A2 pledi 22 . ARAFE SR
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KEHIRAEANINSG) G, RIHEKOFRREIREIRRT), XREBFBESHEBEARBENT — I
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P,., = soft max(wg #h'+W s, +w, X, + bpt,) 9)
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o
4.3 ®FLESCIE
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Table 1. Experimental environment
=1 KW

WA Hie B/ AR
BIERSR Windows 11
CPU AMD Ryzen9 5900HX
GPU NVIDIA GeForce RTX 3080
FRILA PyCharm
Python 3.10
CUDA 11.7
torch 2.0.1
transformers 4321

HSHBLE R &8-S R BB O PERE, DR 7 2RI LA 2256 A KAk, xkE 2 it
ITIHEE, A REmRAHTE A ERBES .
23t 2 YOEEI RS HOAT I, BATE RIS EOR B IR 2 k.

Table 2. Parameter setting
#z2 BHRE

e iEt ZHH
IEARIEL 500 k
FHARN 50 k
EE 10e—4
batch_size (T5-PEGASUS) 32
batch_size (g%l /1 %%) 16
W d KK 512
SIS 64
IZREE Ik 8:2
k&2 (T5-PEGASUS) 768 %
a2 (R ET M 2%) 256 i
TER /13K(T5-PEGASUS) 12
VUSRS 6d10h

4.5. EWERE S

451, WELERTELSCIE
T5-PEGASUS-PGN 5 baseline #7 (f) S48 %6} bb 45 R An 6 3 fis .

Table 3. Comparison of rouge scores for different models

%2 3. TEHEE Rouge S #xttl

[t Rouge-1 Rouge-2 Rouge-L
Seq2Seq + Attention 31.07% 18.74% 29.11%
PGN 35.85% 21.24% 31.79%
BERT-PGN 37.56% 21.96% 32.05%
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T5-PEGASUS 42.06% 21.43% 31.64%
T5-PEGASUS-PGN 44.26% 23.97% 34.81%

M 3 &4 Rouge 43 BOn EE AT LA HY, NLPCC2017 K SC A B4 4E |-, PGN #AUHH L T Seq2Seq
+ Attention 1574 7E Rouge-1, Rouge-2 LA Rouge-L 1153505 Al#E T+ %2 35.85%. 21.24%F1 31.79%, i
FTHREF P28 F1 5] N coverage HLHIF) PGN BAYAEH |45 2ttt . BERT-PGN Y AH M 1) Rouge-1 #2712
37.56%, Rouge-2 #2T1% 21.96%#1 Rouge-L #&TF4 32.05%, Uil BERT TG MTIN, #&&mT
BERT-PGN #A0%f I N30 f5 BRI fERe ), tie s 7R ERE. 1M T5-PEGASUS-PGN HBiAY, 5f [
(1) Rouge-1 $2 T+ % 44.26%, Rouge-2 #2712 23.97%4#11 Rouge-L &7} % 34.81%, iX % W Tl 54T 55 B #51
N AT K TS-PEGASUS TRV ZRB AL FE 4 A s 2 (N, ceidh 1B AR, A A A0 S0 A
B SRR INERR, JF BRI RS I SC R B, T AR RO T e R

4.5.2. coverage HLEI 54

ASCE BRI N-gram Fr B & EESKREGAIE coverage HLAIMR P Se A AL i B 5 il A ik . e
H1 N-gram &8 — )7 N ASESEAE

HHE 4 TR, AR SCHEH T5-PEGASUS-PGN #HAL T~ Seq2Seq + Attention #5241, A &k 7T EE N
Y

Table 4. Analysis of coverage mechanism

5% 4. coverage HlEI 4R

N-gram Seq2Seq + Attention T5-PEGASUS-PGN o THE 47k L
1-gram 27% 22% 21%
2-gram 19% % 8%
3-gram 18% 2% 3%
4-gram 12% 2% 1%

4.5.3. Loss {E%fEE

e= e PGN e T5-PEGASUSU-PGN

8.0

Loss

0.0 T T T T T T T T T T T T T T T T T T T 1

12 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
epoch

Figure 2. Model Loss convergence

& 2. 18 Loss Wés
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ARICH T5-PEGASUS-PGN #5715 PGN AL e S it L, M — AN A1 B R IS 20 ) adh 2k R
Loss Mzl 2 fros.

m i 2 J75n, BSR4 R W BT 55 ) TS-PEGASUS, f#i75 T5-PEGASUS-PGN iR w] L) 56
TFHSRER bR SO B LA I E E USSR, 5 PGN BAIAIEL, T5-PEGASUS-PGN AU I Sk & 5
P, Loss fH LAY EAK.

4.5.4. 4~[G] BeamSize ¥ Rouge BIFME

BEALUR A R R LMD, H S50 BeamSize 2xX i 228 IR 2= AE 5o m, R 75 56 LU AN ]

BeamSize NARAYAE R A 2 () Rouge 7%, AT E B A& 1Y) BeamSize, HARSZIRZE R W 5 s,

Table 5. Comparison of Rouge scores for different Beamsizes

%% 5. IN[E] BeamSize B Rouge 778 %fEL

BeamSize Rouge-1 Rouge-2 Rouge-L
1 41.11% 23.79% 33.03%
2 40.46% 22.81% 32.56%
3 44.26% 23.97% 34.81%
4 40.95% 24.25% 35.58%
5 42.37% 23.99% 33.41%

i R A%, BeamSize WE A 3 B, Rouge 7t Nt K1E, 55— 751 BeamSize ik, #4275
FRR, PR ARSI, b ZE 55 &, ¥ BeamSize i E N 3.

5. &5iE

ASCHR T b B 6 T SO I SCAS i AR Y T5-PEGASUS-PGN . %45 784 ] F 5 38 F T4 BAE 45 1)
T5-PEGASUS Tl i B RRBUA [ &, HoKH 551 N T coverage ML) PGN LAY AHRN S, A 2k
T ARG F MR NERIA R, RS S TSR o 0 T R T AR R B T . SR A
F W, TS-PEGASUS-PGN 44 8 Az B2 (1445 22 5 WG 30 Ji7 S0 S, SE B pn it i 22, (IR B3 s D I TU R N 2R

SN T AR ECRE O R AR, P R I SCOAR T R X R R, FRAVTT RIS T S S R R
(S B L 5 VLIS &, [FIRHE T Transformer A7 fif vk RNN H B8 BB AT 50010 B i% I E4T
THELI IR R, 4 eSS B U1 0k B R0 A i L T B s 255 N AT I R, i — DR R A BN
SCHIERRRE ] o
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