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Datasets # docs (train/val/test) avg. doc length avg. summary length 70 novel bi-grams

words  sentences | words sentences in gold summary
CNN 90,266/1,220/1,093 760.50 33.98 45.70 3.59 52.90
DailyMail | 196,961/12,148/10,397 | 653.33 29.33 54.65 3.86 52.16
NYT 96,834/4,000/3,452 800.04 35.55 45.54 2.44 54.70
XSum 204,045/11,332/11,334 | 431.07 19.77 23.26 1.00 83.31
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Model R1 R2 RL
ORACLE = 1R 52.59 31.24 48.87 eSS
LEAD-3 — RHODO3NZER 4042 17.62 36.67
Extractive FRR{ETH B0ORACLEZERL &
SUMMARUNNER (Nallapati et al., 2017) |39.60 16.20 35.30 BERT’\“—Zﬁ\EEi:E)*%VEb‘\%_L\
REFRESH (Narayan et al., 2018b) 40.00 18.20 36.60
LATENT (Zhang et al., 2018) 41.05 18.77 37.54
SUMO (Liv ctal, 2013) 4100 1840 3720 | R FEME(TO CRED
UMO (Liu et al., . . .
TransformerEXT 40.90 18.02 37.17 o) FLTWD (—& T D#xSB7D)
Abstractive
PTGEN (See et al., 2017) 36.44 15.66 33.42
PTGEN+CoV (See et al., 2017) 39.53 17.28 36.38
DRM (Paulus et al., 2018) 39.87 15.82 36.90
BOTTOMUP (Gehrmann et al., 2018) 41.22 18.68 38.34
DCA (Celikyilmaz et al., 2018) 41.69 19.47 37.92
TransformerABS 40.21 17.76 37.09
BERT-based
BERTSUMEXT 43.25 20.24 39.63
BERTSUMEXT w/o interval embeddings |43.20 20.22 39.59
BERTSUMEXT (large) 43.85 20.34 39.90
BERTSUMARBS 41.72 19.39 38.76
BERTSUMEXTABS 42.13 19.60 39.18
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Abstractive QA Rank QA Rank QA Rank
LEAD 4257 — 3621 — 920" —
PTGEN 33.37 -0.24" | 30.5" -0.277 | 23.77 -0.361
BortromUp | 40.67 -0.167 - — — —
TCONVS2S —  — —  — 52.1 -0.201
GOLD — 0.22f — 033" | — 0.38f
BERTSUM 56.1 0.17 41.8 -0.07 | 575 0.19
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- transformer : https://qiita.com/omiita/items/07e6%aef6c156d23c538
- bert : https://giita.com/omiita/items/72998858efc19a368e50 11
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