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This research aims at developing models for generating a title for _each
paragraph of an English text. A paragraph title is a short linguistic expression which indicates or
summarizes information of the given paragraph. A sequence of paragraph titles is useful
representation of the text, expressing its argumentation line.

In this work, we created a corpus of paragraph titles, composed by humans. We found that 46% of word
tokens in a title do not appear in the corresponding paragraph in average, which means that we need
‘* abstractive’ summarization. We, then, applied state-of-the-art title generation models, such as
encode-decoder models and transformer models, to our corpus and found that two models produced
relatively good performance at 34 rouge-1 score, but rated as ‘' does not include main idea’ in
average by human evaluators . This means that the corpus can provide a challenging task for
abstractive title generation.
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1. MOECS: The Corpus of Multilingual Opinion Essays by College Students
2. LOCNESS: The Louvain Corpus of Native English Essays
3. JapanNews: the Japan News @ editorial(#:i)

RA SN EAEZEZ I RAE L CXEDOFRICEHAUZEFER AT+ T THD. EXFEILD
HOEEZEITHD LT OHN, BEEERXGAONTEDEREIZ L DU EDX A MLV ENE



5. EREINZXA DL A—RAOWKEER LITRT. X1 PVOFEFRIZT72THD, &
EDOBHEDET LA MVOEX OBICHBEBRIEA S NRd o 72

RIZ, XA MVICHBIUZBEED S S, JLORFICHEBELTWEEDDHEEEK 2 ITRT.
KD THE—] FNFHEE A MUVPMTEINDBEICIRE L 72356, THifk] T 2EBEE2E&D
=256, TRR] ETF A MRS 2 EL OEZ D 2RT. [E2—8H OIFFELA b
VOEERNEDEERNINT HBEICHBTHEGEZRL TS, RED, FA—BEIZZEE
B X FHNPFET B EIGIE 0.42% LFREFAEL R WI 2R L TWAS. unigram TH X
T DEIEHGE (token) DA N—HKIX 53%, TFAMRIRTH 66% T Y, bigram, trigram (2
BB EZBIZHN=RRTLRSE., ZOZ 2o, SEIAFTERLU XA MIVIEAS H O EGE
DFLAEOETIXERLHE L\ & WS ER T abstractive RN BETHE Z LB 0h 5.

£ 1 ERUZI— S AOHEAN G & £ 2 XA MILRED ngram BAUZE
ENBH (b= v =2, ¥fi %)

[ W&FR RBIER | 24 PV [ PR || [ A— [ mige | &% |
MOECS 341 1,761 7.3 [ &% [ 0423 [0.523 | 0.697 |
LOCNESS | 136 692 6.3 Tgram 53.7 | 609 | 665
JapanNews | 307 1,562 7.5 2gram 13.7 16.8 20.4
2K 784 4,015 7.2 3gram 472 | 5.62 | 6.83

lgram(CW) | 40.9 | 47.3 | 534

4. 2 RA PIVARTEER [5]

SEWERR U 72 3 — N ZZBEFEO R U AT (ABENFE) 28HT 52812k, X
A MLV EREDRES F<HBERTESLPRALE. ERLEET—2%2 5 XL 3:1:1 129
TTENFNIFT — &, MEET— X, #liT—&X & U7, EHLZEEENTEIXRD 4 D
Th5.

RNN-RNN: encoder-decoder % 7 )L C encoder ], decoder il & % RNN(Recursive Neural
Network) 2L, BEZA ML a—S2ADHHT -2 TEELEED

BRNN-RNN: #i&d & [FERTdH % ¥ encoder ] W i1 RNN(BRNN) iZ L7235 D

GPT2-pre: GPT2 DAkds (RHEFETH) TRE 2 BT XRE LTEMLZHD

BERTAbs: BERT % flf U 7z abstractive Z#JE 7 )L 2 CNN/Dailymail ® headline I —/%
AT finetune L7z% D

AR U 72 X A MOV O SYEEHT E B BEEiE D Rouge-1, 2, 3,L [5] T\, @Eakficd > 7z
BRNN-RNN B & &' GPT2-pre iZxf U T AFiHMli 247> 7=, FEHEZR 3 I1TRT.

#3 XA MVERERER (R1,2,3,L ZZ1 £ 1 Rouge-1,2,3.L IZHIBT 5, )
[ R-1 [ R2 [ R3 [ RL | AT |

RNN-RNN [ 29.0 [ 3.66 | 0.68 | 34.3 -

BRNN-RNN | 35.6 | 8.21 | 2.91 | 41.0 2.66

GPT2-pre | 349 | 128 | 5.1 | 38.2 3.13
BERTADbs 27.2 | 8.17 | 3.10 | 30.27 -

¥ 9 HEFHM Tl BRNN-RNN, GPT2-pre 23H 2 mWAER & 72 5 72, RiZ GPT2-pre
WE KB R T =N 2P SR U HKEED SFEE T IV DMAIZ & - T encoder-decoder € 7 )L &
FEEDOMREIZ > T\WD., BEZEATXRE LTS £ SHEERG2HETCE A WREMEZ2RL T
W5, H BRI AE A 2 B A > 72 BRNN-RNN, GPT2-pre (25 U CHEFEDHEE/RH 2
N & B NFi-ili 247 - 7= FFERE OFENIE 5] IS D, 4LLEREGHLNLVTHD. FF
B DS 3 HiETH DI e h o, FHIIHNENRBEAL SRR LY, Tabb, #iIcHE



RERATWRWE WS KR L o7z, 7B, NFiHli & BEFHE (Rouge-L) OMHBIFREUX
BRNN-RNN T 0.41, GPT2-pre T 0.21 &1 THE. rouge D Z D I — N AADH FHATHE
POV TIIHERES OBELR D 5.

4. 3 MIEHDRAORE
4. 3. 1 REBTEOMBHDAMRE L [

BT HFEOHDABE, B 5 UBHARET L TR L TR SR TE S, FIAR
CEHCHEL ST 520 THE. Lihto THERGREORVAMEY 25, —D0hE
i word piece D & 5 B Y 7T — RR—ADFIRIZ L 0 UHHFHED () TIPS HEET
BAMTH VEEE I NT S, &5 — DO HEEANED & > 16 & HHD LRI
MOET B HETH B, APETIRARGIRE w OHDAR v, EURTHET 5

Uy = Ay,

T, Uy WESURAR T MV (HIZIESUREED R NIVOR), AXE#ITFITHS. 1751 A
1FIRAUZR T semantic auto-encoder ¥ W5 E X & FAWTHEEET 5.

arg min Z |t — A* A2
A€Rdxd wEV

St AUy = Uy — Uy

ZITVIIERTHY, A*=AT 35, FHEBROFRE, REFEIICRELD D%
WHBIBIZ &0 A BHETTREL 705 Z & 30D o Tz,

4. 3. 2 [AFKEL KEFEOHA (7]

HEEDI DA AT Y FHFED B BT 2 e (CURGE) ICk>THRESI NS, 20D
O, BRMISEWEGE (F%HE) bNEBEDAU LS REOAARI L 25 Z LB HEE 25
TW5. ZOMBIZHNLT, RIFZETIE, 2 DOHEE w,we ZATIEE UT, HEEw OHLKEE
Z1) wy,wy WADHEFEIZLDZE55D, 2) wy OHEEFEIZLRD Z20HD (wy DADFE
BUZEET 28 D), 3) EHbL0HEFEIZERVZALVED (FT—X LD/ A4 X) ©3D (I
EEB) DPOMRMIZERULEZEDEEZXTETIMMELEZ., N5 A—&% EM ETHEL -
LA, AFEIFAEE - KEERINZEANTH 2 Z LWLz,

S 3R
(1] #HHET, s, ATHIEET DY =2 b [0Ry MREKIZAND 2] . dR
B, 2018.

[2] SRR — AR, AZILEASE, IR TSR, S — B8, BIE ) SEHEIE, M. o 2RBRIC s
V) 5 SEEERED A FE. 5 21 [\ F B ERER KRS, pp. 187-190, 2015.

(3] HANHEEN, %= —88, A2 ILaL5, (AR, REOBELNME L XE S FEEHA Lz X —
ABRIEEEE TR X A PV G ME DA Tk SEEULHE ST IR K2 FRIE, pp. 785-794,
2017.

[4] AZ21LBLSE, BRAAESE, BH K — BB, B — AR, B =, SEHEIE, MR, KAEA]. 2k v
R —REBE WG U SRR i3 Y LN — DFEB. 26 [0S B UBE 2 ER KL, pp.
371-374, 2020.

[5] %X —ER, IMEFEE, HFET Y A FFAMIRNT EEE XA ML 3 =8, 2020
EATHIBEFR2E RS, 2020.

(6] BNHRR, %H K —HB. Semantic autoencoder % I\ 7 AKSHE GE D B DA AL K. 5 25 [H]
BRI AR OR 22 pp. 507-510, 2019.

(7] YRNERE, %X — B0, WEABE TV & W2 % - KEBGRHRA. 28 25 [0 S 55
LAERKE, pp. 141-144, 2020.



26

2020

2020

2020

Semantic Autoencoder

2019




123




