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1 Introduction

2XOZ pre-trainingEl ZZO| Hxy

— Gap-Sentences Generation (GSG) objective X2t
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[ PEGASUS ] [Z2E =]
o M2 self-supervised objective ‘GSG'2 Ch: &l e Transformer based encoder-decoder model
AE U2X|of| CHSH AFESESSH Transformer? g 013 e pre-training objective: GSG
o2 2

Masked tokens Target text

[ mythical ] [ names ] It is pure white.<eos>

t f ttt ttt

EXZ‘/BCZ‘E’O’ Transformer Encoder Transformer Decoder

Gap-sentences for

Abstractive TTTTTTTTTT 1TTTTT

L Pegasus is [MASK2] . [MASKI] It [MASK2] the model . ] [ <s> It is pure white .
SUmmarization

Input text‘\\th [Shifted Right]
Sequence-to-sequence models ILI
Pegasus is It is pure white . It [names|the model . ]

< MEM1t GSGZ pre-training objectiveZ A%t 4R PEGASUS 2 |= O3 [EA] >

Masked Language Model — Gap-Sentences Generation

X Z/EROZE GSCII e X
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]




2 Pre-training Objectives

[ Gap Sentences Generation (GSG) ]
FAE Qo2 Iol MIotel M2 self-supervised pre-training objective
PE B2 oiS5ste WAz ol

TSTRIZ DEAYSHD LIHA| 2852 S0l OtA e =33

downstream task2t & QA pre-training objective@+-S
fine-tuning 450 Hf W= 1 £& 210[2k= 2PI0fA LI E|UC.

[ GSG &2 2K ]
GSR(gap sentences ratio)d|| L2} 2= MEH 5l OfAZ
MEHEl gap sentenceS2 Y1&610] SHLI2| pseudo-2
gap sentence=2| 2} 2IX|0f| [MASKT]EES E2 =

% GSR(gap sentences ratio): &A1 Lif K| 2% i~ Cib| ME4El gap sentence?| Tl HIE.
X=X OZ 30% XHEHS!
o /|-




[ Gap Sentence Selection Methods]
e  Random: HESHH| moHe| 2%
e Lead: EM2 M2 mIH 2H
Principal : 2} 2%29| 2 £ iAM A9 mIi 222 ME (ROUGE1-F1 Score)
o Z431.Indor Seq: &S &A% 2HGI0] 1B or PIEX O = JHEH

o 2M2.Unigor Orig: n-grams YO Z F|3 or 2 518

INVITATION ONLY We are very excited to be co-hosting
a major drinks reception with our friends at Progress. This
event will sell out, so make sure to register at the link
above. Speakers include Rajesh Agrawal, the London
Deputy Mayor for Business, Alison McGovern, the Chair of
Progress, and Seema Malhotra MP. Huge thanks to the our
friends at the ACCA, who have supported this event. The
Labour Business Fringe at this year’s Labour Annual Con-
ference is being co-sponsored by Labour in the City and the
Industry Forum. Speakers include John McDonnell, Shadow
Chancellor, and Rebecca Long-Bailey, the Shadow Chief
Secretary to the Treasury, and our own Chair, Kitty Ussher.
Attendance is free, and refreshments will be provided.

Figure 2: An example of sentences (from the C4 corpus)
selected by Random, Lead and Ind-Orig respectively. Best
viewed in color.




[Pre-training Corpus]

e C4: Colossal Clean Crawled Corpus. T5Q1-1%I0| ¢ 3EZ 0= 7ot 350MVH HHO[X|2| HIAE CO[EA. (750GB)
e HugeNews: {2 ££oF 2013-2019E % ‘54 J[AFH|O|EAL. (3.8TB) w4 £220 22 =2 EE|E[EH =21t
DS AEXE S 2IB|E K| 25 OfRELT,

o —

[Downstream Datasets]

3 JHsst A= HZS I8H public Cl|O|E{AIQ] TensorFlow Summarization Datasets2 ARSI,
XSum, CNN/DailyMail, NEWSROOM, Multi-News, Gigaword, WikiHow, Reddit TIFU, BIGPATENT, arXiv,

PubMed, AESLC, BillSum
i J|AL S5, 2, EE, O|H|Y S THYSt FA[2| H|O[EfAl

https://www.tensorflow.org/datasets/catalog/overview#summarization




4 Experiments

7| A
o A2 XS HOfSHY| fs AFO|=E &I PEGASUS-BaseE 0|8
o 12719 HIO|EAl = 4702 O] 8 (XSum, CNN/DailyMail, WikiHow, Reddit TIFU)

Encoder,
Decoder Layer Hidden Size
7H4

Feed-Forward Self-Attention

i oj2jo|E] &
Layer 7§ Head 7§ Batch Size =S ES

PEGASUS-Base 12 3072 12 223M

PEGASUS-Large 16 4096 16 568M

Optimizer

e Adafactor : 22| AFREHEZ &Y o~ U= Adam? 82| Optimizer
Dropout rate

e 0.1




PEGASUS_Base?| HoIots
e Pre-training Corpus
e Pre-training Y4
T S NTES

Pre-training Corpus

mmm HugeMews
1.10

XSum CNN/DailyMail WikiHow Reddit TIFU

Figure 3: Effect of pre-training corpus. PEGASUSgasg
pre-trained on C4 (350M Web-pages) and HugeNews (1.5B
news-like documents).

A2t OF BO|EA 1 C4YF 28X

2 DownStream G[O[E{Al : HugeNews?t 28X




4.1 Ablations on PEGASUS; s

PEGASUS_Base2| WIS

e  Pre-training Corpus
e Pre-training 44| K _
o CIOfEAIE C4BH2 0IBBHM A%

Pre-training Corpus

== HugeNews
1.10

A2t OF BO|EA 1 C4YF 28X

2 DownStream G[O[E{Al : HugeNews?t 28X

XSum CNN/DailyMail WikiHow Reddit TIFU

Figure 3: Effect of pre-training corpus. PEGASUSgasg
pre-trained on C4 (350M Web-pages) and HugeNews (1.5B
news-like documents).




Pre-training 24|

== Random = nd-Orig = Seq-Orig . MLM solely
. Lead e Ind-Unig mm Seqg-Unig s MLM & Ind-Orig

X5um CNN/DailyMail WikiHow Reddit TIFU ’ XSum CNN/DailyMail WikiHow Reddit TIFU

(a) Effect of pre-training objectives (30% GSR). (b) Effect of gap sentences ratio with GSG (Ind-Orig).

Figure 4: Effect of pre-training settings with PEGASUSg,sg pre-trained on C4.

30%2| GSROfIA A Ind-Orig HA10j|A Al%

GSG : Ind-Orig > Seq-Unig =2 Mh0| —f—% ISt ASS Q|5 H|0|EfAIS X|CH 400%H0

MLM : CHE=O0Z AI8AS A Mso| 4 50%0 |8} If CiR|& oz £ Mg HQl

ot YA E GSGL| Random #fAIM}HIZ0H CNN/DailyMail : 15% M 50| £
XSum,Reddit TIFU : 30% Y 50| £
WikiHow : 45% I 4&0| £3




Clof Afo|x

= BPE 32k = Unigram 64k mmm Unigram 128k
mmm  Unigram 32k s Unigram 96k mmm Unigram 256k

XSum CNN/DailyMail WikiHow Reddit TIFU

Figure 5: Effect of vocabulary with PEGASUSgasE trained
on C4 (15% GSR, Ind-Orig).

SIHX| ETLIOINME AR (Byte-pair-encoding = BPE,
SentencePiece Unigram = Unigram)

XSum, CNN/DailyMail : Unigram 96kl 4s0|
WikiHow : Unigram 128k A450| £2

Reddit TIFU : Unigram 96kl 50| £




4.2 Larger Model Results

PEGASUS_Base A8 & & Argt

Pre-training ¥4 : GSG(Ind-Orig)
GSR : 45% (30%2fH|==3t Ha5S LH7| Rlsh AEl)
THO{% AFO|X : Unigram 96k

Encoder,
Decoder
Layer 74

Feed-
Forward
Layer 7%=

Self-
Attention
Head 7H%

Batch Size

mtzto|g] 4

Optimizer

Dropout
Rate

PEGASUS-
Large

16

4096

16

Adafactor




RI/R2/RL

Transformergasg

PEGASUSgase

Previous SOTA

PEGASUSLaraE
(C4)

PEGASUS, srGe
(HugeNews)

XSum
CNN/DailyMail
NEWSROOM
Multi-News
Gigaword

30.83/10.83/24.41
38.27/15.03/35.48
40.28/27.93/36.52
34.36/5.42/15.75
35.70/16.75/32.83

39.79/16.58/31.70
41.79/18.81/38.93
42.38/30.06/38.52
42.24/13.27/21.44
36.91/17.66/34.08

45.14/22.27/37.25
44.16/21.28/40.90
39.91/28.38/36.87
43.47/14.89/17.41
39.14/19.92/36.57

45.20/22.06/36.99
43.90/21.20/40.76
45.07/33.39/41.28
46.74/17.95/24.26
38.75/19.96/36.14

WikiHow
Reddit TIFU
BIGPATENT

arXiv

PubMed

AESLC

BillSum

32.48/10.53/23.86
15.89/1.94/12.22

42.98/20.51/31.87
35.63/7.95/20.00
33.94/7.43/19.02
15.04/7.39/14.93

44.05/21.30/30.98

36.58/15.64/30.01

24.36/6.09/18.75
43.55/20.43/31.80
34.81/10.16/22.50
39.98/15.15/25.23
34.85/18.94/34.10
51.42/29.68/37.78

28.53/9.23/26.54
19.0/3.7/15.1
37.52/10.63/22.79
41.59/14.26/23.55
40.59/15.59/23.59
23.67/10.29/23.44
40.80/23.83/33.73

|.43.06/19.71/34.80 I

26.54/8.94/21.64
53.63/33.16/42.25
44.70/17.27/25.80
45.49/19.90/27.69
37.69/21.85/36.84
57.20/39.56/45.80

47.21/24.56/39.25
44.17/21.47/41.11
45.15/33.51/41.33
47.52/18.72/24.91
39.12/19.86/36.24
41.35/18.51/33.42
26.63/9.01/21.60
53.41/32.89/42.07
44.67/17.18/25.73
45.09/19.56/27.42
37.40/21.22/36.45
57.31/40.19/45.82

PEGASUS_Base CHE29| DownstreamOi|A] 34X SOTAY| H

o 2 <

PEGASUS_Large2| 32 ZE DownstreamOi|X SOTARLI E2 d&

CHEE DownstreamE HugeNews 2 APMSHESH DH0| O =2 M52
o

EF WikiHow?| ZR C42 AMERESSH DE0| O =2 A8 H




» & Setting
e  Pegasus_large model (HugeNews)
o 127l datasetOllM 107k (k=1,2,3,4) training examples2 =%
o 2000 steps with batch size 256, learning rate=0.00005

Transformer-base model2 full supervised dataset2 2 fine-tuningel

» A5 Hot (Figure 6)
e  Pegasus-large model2 fully-supervised dataset@ 2 at&%El Transformer-base modelz} H|==%t qualityQ| summariesE AiAdet
o Multi-News, WikiHow, Reddiit TIFU, BigPatent, AESLC, BillSum : 1000 examplesZ &k&%t Pegasus-large modelO| O] SOTARLCt
ROUGE score?t &2

¥ Figure 6 : Fine-tuning with limited supervised examples v Appendix £
Table E.1: The ROUGEI-F1, ROUGE2-F1 and ROUGEL-F]1 scores of low ization d in Figure 6

along with previous SOTA in Table 1. With 100 examples, PEGASUS; sgge beats previous SOTA on ROrUGEZ-Fl metrics
on BIGPATENT, Reddit TIFU, and BillSum dataset. With 1000 examples, PEGASUS| arce beats previous SOTA metrics

on Multi-News, WikiHow, Reddit TIFU, BigPatent, AESLC and BillSum.

Dataset 0 examples 10 examples 100 examples 1k examples 10k examples previous SOTA
Ri/Rz/Ry Ry/Ry/Ry Ry/Ry/Ry Ri/Rz/Ry Ri/Ry/Ry Ry/Rz/Ry
XSum 19273001272 1939345/1302  39.07/16443127 | 41.55/1823/3329 | 447121203631  45.14/22.27/37.25
CNN/DailyMail  3290/13282938  37.25/1S84/33.49 4028018213703 | 4172719353831 | 425420043932 44.16/21.28/40.90
NEWSROOM  2206/1186/17.76  2024/17.782498 336321812964 | 37.26253433.12 | 39.5427.25/3545  39.91/28.38/36.87
Multi-News 365410521867  39.79/12.562006  41.04/138821.52 | 4400115452267 | 44.70/16.57/23.43  43.47/14.89N17.41
Gigaword 233977.592020 25328882255 29.71/12.442730 | 32.95/13.9030.10 |  35.13/1636/3261  38.73/19.71/35.96
WikiHow 22506101444 23956541533 252477521779 | 343512172584 | 37.22/14.4129.15  28.539.2326.54
Reddit TIFU ~ 14663.06/10.17  1536291/1076 16644091292 | 2334/685/18.46 | 25.47/8.1820.33 19.063.7/15.1
BIGPATENT  2561/6.56/17.42  2887/8301971 335210822287 |3685/12582454| 348112392413 37.52/10.6322.79
Figure 6: Fine-tuning with limited supervised examples. The solid lines are PEGASUS| rge fine-tuned on 0 (zero shot), 10, arXiv 2805/6.63/17.72  3138/8.16/17.97  33.069.6620.11 [ 39.46/12.38/2220| 4024/14.0423.11  41.59/14.26/23.55
100, 1k, 10k examples. The dashed lines are Transformergasg models, equivalent in capacity as PEGASUSgasg and trained BUMISINIES 333110582005 340512752112 | 40.13/155624.05| 4175167472480 405913592359

. . : - : . .35/3.86/9.2 971491110 .05/7.20/15.32 452814 | 364720853553 23.67/10.29723.
using the full supervised datasets, but with no pre-training. All numbers are reported in Appendix E. 1035386029 LGAILI08 16031201530 SRR %047/20.8333.5 OHIZN A
41017442524 4048/18.49727.27 4478726403440 | 46.47/30.58/37.21 | 50.81/34.49/4096  40.80123.8333.73




» Human Evaluation
o  THIMIH: Amazon Mechanical Turk siteE Edl, human evaluation2 21, 18 (Poor) ~ 53 (Great)7tX| ME O |=5 T
U HILOIO|EA! : XSum, CNN/DM, Reddiit TIFU

12 Al (Experiment 1: pretrain comparison)

. 8 : Pegasus-large (HugeNews), Pegasus-large (C4), Transformer-base model| 44’ddt Q22 1} reference summariess H|wst

o
My oo o

OF

42} : Human evaluationOi|X, Pegasus-large (HugeNews)2} Pegasus-large (C4) 25 Human-written summary (3.0 XSum, 3.1 CNNDM, 3.2 Reddit TIFU)2}t
AL =2 scoreE 2 IS

o

Pegasus-/arge (HugeNews}=10, 100, 1000 examplesZ fine-tuningst =, 2t model0| A48t Q2F2 1t reference summariesS H|wet

XSum, CNNDM dataset ) 10 ~ 1000 examplesZFt ek55t Pegasus-large modelO|{= Human-writtenZt SASIHLE &2 scoreE 7|12

SHX|2F Reddit TIFUOIAl= full supervision datasetQ 2 k&3 model2t RAFSt scoreS 7| 261 =0, datasete| E4(diverse writing style){20(2t ==

Read the document below, then rate the summaries for quality on a scale of 1-5. (1 = Poor summary, 5 = Great summary)

Table 3: Human evaluation side-by-side results on Likert oo ony P om0 g Foln s, T doth g oo mploe. o ey pd o
¥ a . i gtk o oo et St s, ot g e ot ot g et s
(1-5) scale (higher is better). Scores are bolded if they are B S e R e M e T
Wormas i o o e, .
not worse than human-level performance by p < 0.01. T e e et L e e e el L
popular member of the team’

Datasets XSum CNN/DailyMail ~ Reddit TIFU

mean (p-value) mean (p-value) mean (p-value) s . Summary:

England Under-19 Women's and Fylde Ladies midfielder Zoe Tynan has died, aged 18. England Under-19 midfielder Zoe Tynan has been struck and killed by a train.

Experiment 1: pretrain comparison

Human-written 3.0(-) 3.1(-) 32(-)
PEGASUS| i (HugeNews) 3.0(0.6) 3.6 (0.0001) 3.2(0.7)
PEGASUS| sggE (C4) 3.1(0.7) 3.5 (0.009) 3.1(03)
Transformergasg: 2.0 (3e-10) 2.9 (0.06) 1.4 (5e-23) ) Sy
Experiment 2: low resource )

Hiuniweittea 3209 320) 330) England Under-19 midfiekder Zoe Tynan has died after being struck by @ train A 27-year-old woman has been mugged in Liverpool by two men who stole her wallet. A

E family statement also said she was a " the most loving and caring daughter and sister
PEGASUSarae: (HugeNews) 10 examples 28(0.1) 3.4(0.007) 2.6 (0.006) ‘anyone could wish for* and that she was the “ultimate team player”

PEGASUS| rae (HugeNews) 100 examples 32(05) 3.4(0.08) 2.1 (4e-8)
PEGASUS| arae (HugeNews) 1000 examples 3.4 (0.3) 3.6 (0.07) 2.7(0.01)
PEGASUSagrce (HugeNews) full supervision 3.4 (0.3) 33(0.1) 2.8(0.05)

Figure E.1: A screenshot of the Amazon MTurk HIIT.




o AR EBOHS TMHACHIAE MoOj HAl=

7| IH20i| downstream taske} ZX|= BE0| Q)
o  APH 2= 2HO| 0| 7|5t downstream testOilA B 22 52 WEX(o)| CHsH HE
e testsetfpre-training corpus Al0|2| QAFEE ROUGE-2 recall 42 £% (2-grams)

o  thresholdZ ‘&= sample ZE{ZEt

g}
o
o APH Bt AT} QIEIONN 4TI

o filter similarity=1.0 Reddit TIFU
o filter similarity>0.8 ™ J22 AP 223 AmA C42HXSum, CNN/Dailymail, Reddit TIFU,
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PEGASUS ; 4rGE (mixed, stochastic) =20| downstream taskoil\ 71 &2

s 2R C4, HugeNewsE ToiiA] APM 2 24%
u|° TSI 15-45% AI0|Z2 SHO= SIS
| EHOH 20% T Lot LLO|XZ stochastically sample
(=2 =] whzof)

C.’_I CISIEE SentencePiece ETLIO|XE H0|E

XSum CNN/DailyMail NEWSROOM
47.60/24.83/39.64 44.16/21.56/41.30 45.98/34.20/42.18
Multi-News Gigaword WikiHow
47.65/18.75/24.95 39.65/20.47/36.76 46.39/22.12/38.41
Reddit TIFU BIGPATENT arXiv
27.99/9.81/22.94 52.29/33.08/41.66 T  44.21/16.95/25.67
PubMed AESLC BillSum
45.97/20.15/28.25 37.68/21.25/36.51 59.67/41.58/47.59
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