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ERASum: Entity Relationship - Aware Summarization Method

YANG Jiaquan',SU Shi',FENG Yong',HE Xuehao',MA Jiushun®*
(1. Electric Power Research Institute,, Yunnan Power Grid Co. Ltd, Kunming 650217 , China;

2. Faculty of Information Engineering and Automation , Kunming University of Science and Technology , Kunming 650500, China)

Abstract ; This study aims to enhance the overall performance of large language models ( LLMs) in text summari-
zation tasks,with a particular focus on improving their ability to understand and model relationships between enti-
ties. To achieve this goal ,we propose ERASum,an Entity Relationship — Aware Summarization approach that in-
corporates both explicit and implicit entity relationship information to guide LLMs in capturing inter — entity se-
mantics more effectively. Experiments conducted on the element — aware CNN/DailyMail and BBCXSum datasets
demonstrate that ERASum achieves ROUGE — L. improvements of 1.52 and 1. 84 over the current state — of — the
— art methods , respectively. These results indicate that ERASum significantly enhances the representation of enti-
ty relationships in summaries and offers a promising direction for modeling complex semantic structures.

Keywords : text summarization; Entity — Relationship — Aware Summary method ( ERASum ) ; large language

models; chain — of — thought prompting; entity relations
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Document (S): Newcastle stand-in skipper Moussa Sissoko is facing disciplinary action after he was sent off following a reckless challenge on Liverpool midfielder
Lucas Leiva during Monday's 2-0 defeat at Anfield. The France international was given a second yellow card for the offence, but head coach John Carver feels it
should have been a straight red. 'The club will deal with that situation,' he said when asked if Sissoko - who is now banned for two matches - would be punished.
Liverpool midfielder Lucas Leiva clutches his leg after Moussa Sissoko's tackle at Anfield Sissoko hands the captain's armband to boss John Carver as he leaves the
pitch after being sent off 'He knows he was wrong. He was fortunate not to get a straight red and he agreed with me. 'He apologised afterwards to Lucas, which was
important. (...)

Prompt (Q): Please summarize the article.

Bl WEMREERTE

Fig. 1 Standard summarization process

ﬁ P 1:En2;¥r:230inmy Type Step 2:Explicit Relationship Extraction Step 3:Implicit Relationship Inferenh

Entity and Entity Type: Relationship: Relationship:

(Moussa Sissoko, person names), (Lucas (Moussa Sissoko, Lucas Leiva, tackled) ¥ (Moussa Sissoko, Liverpool, fouled)

Leiva, person names), (John Carver, person (Moussa Sissoko, Newcastle, stand-in skipper) »(Moussa Sissoko, John Carver, disciplined by)
names), (Newcastle, organizations), (Lucas Leiva, Liverpool, midfielder) »(Moussa Sissoko, Lucas Leiva, apologized to) »

(Liverpool, organizations), (Monday, time (John Carver, Newcastle, head coach) (o)
expressions), (...)

Step 4:Relationship Identification for Implicit Step 5:Summary Generation

Relationship
Relationshiptreshold = 6): . Document: Newcastle stand-in skipper Moussa Sissoko is facing (...
Score: 9> 6

(Moussa Sissoko, Liverpool, fouled) < Entity and Entity Type:(Moussa Sissoko, person names) (...)

—— LR J Relationship:
(Moussa Sissoko, John Carver, disciplined by)< (Moussa Sissokt; Lucas Leiva, tackled)

6= Al Ja . ;

(Moussa Sissoko, Lucas Leiva, apologized to) < e J (Moussa Sissoko, Newcastle, stand-in skipper)

X Score: 3<6 3 (Lucas Leiva, Liverpool, midfielder)
(Liverpool, Newcastle, played against)< x Scoring (John Carver, Newcastle, head coach)

Agent ()
Prompt: Let's integrate the above information and summarize the document:

B2 ERASum fWHESHEEXBEEMTE

Fig.2 ERASum’s five —step reasoning pipeline for summarization
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5321 PRSI BT (SOTA) M HE , BT GPT - 30 R K RN )71 (175B GPT -3 (LR X R
) ) FEFT A VRS AR AR 1 R RYERTE, A 7E CNN/DailyMail 34k |, ROUGE -1 ,ROUGE -2 i
ROUGE - L 380 5 T 3.36.0. 99 Fi 1. 52. #£ BBC XSum |, /0800 #EE T 2. 74 .1.25 1 1. 84. X
Begli SR, USRS b S BORS 40 Ak T 3R SRS R IF AT HEFY , 045 LLMs 76 A= il 2 b HAT SRS 20
FIRE T , (T AE U SO 22 BEAT 5 AR,

% 1 CNN/DailyMail #1 BBC XSum #[#E4 /) ROUGE ( %) #1 BERTScore ( %) Hy F1 4%
Tab.1 F1 scores of ROUGE ( %) and BERTScore ( %) in CNN/DailyMail and BBC XSum datasets

CNN/DailyMail BBC XSum
Model
ROUGE -1 ROUGE -2 ROUGE -L BERTScore ROUGE -1 ROUGE -2 ROUGE -L  BERTScore
BART - BASE 36. 06 15.93 33.09 0.876 2 21.89 5.13 17.19 0. 866 3
BART - LARGE ~ 37.98 18. 16 34.30 0.886 0 23.79 5.02 17.93 0.8710
T5 - LARGE 37.47 17. 66 34.34 0.876 8 24.98 6. 89 19. 46 0.872 8
PEGASUS -

LARGE 36. 65 17.58 33.84 0.871 0 21.35 4. 87 19.03 0. 866 2
175B GPT -3 37.75 15.20 34.25 0.890 5 31.74 10.95 25.42 0.893 3
1758 GPT =3 43.03 19.51 38. 67 0.902 3 35.70 15. 31 30. 19 0.901 8

(SumCoT)
175B GPT -3 46. 39 20. 50 40. 19 0.930 3 38. 44 16. 56 32.03 0.903 1

(ERASum) (1336) (1099 (1152) (10028 (1274) (1125 (11.8) (710.013)
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%2 CNN/DailyMail 5 BBC XSum ( Element — aware ) {384 i) A TiE 45 8 ( Flu/ Coh/Con/Rel)
Tab.2 Human evaluation results ( Flu/Coh/Con/Rel) on CNN/DailyMail and BBC XSum ( Element — aware) dataset

CNN/DailyMail ( Element — aware ) BBC XSum (Element — aware)
Hodel Flu Coh Con Rel Flu Coh Con Rel
175B GPT -3 -0.18 -0.30 -0.39 -0.72 -0.18 -0.47 -0.33 -0.56
175B GPT -3 (SumCoT) -0.13 -0.08 -0.26 -0.28 -0.19 -0.23 -0.09 -0.25
175B GPT -3 (ERASum) -0.09 -0.05 -0.21 -0.25 -0.13 -0.15 -0.07 -0.22
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Article: Newcastle stand-in skipper Moussa Sissoko is facing disciplinary action after he was sent off following a
reckless challenge on Liverpool midfielder Lucas Leiva during Monday's 2-0 defeat at Anfield. The France
international was given a second yellow card for the offence, but head coach John Carver feels it should have
been a straight red. 'The club will deal with that situation,' he said when asked if Sissoko - who is now banned for
two matches - would be punished. Liverpool midfielder Lucas Leiva clutches his leg after Moussa Sissoko's tackle
at Anfield Sissoko hands the captain's armband to boss John Carver as he leaves the pitch after being sent oft 'He
knows he was wrong ...

Gold Summary: Newcastle stand-in skipper Moussa Sissoko was sent off for a reckless challenge on Liverpool
midfielder Lucas Leiva on Monday’s match. He was given a second yellow card but head coach John Carver
thought it deserves a red card. Afterwards, Sissoko apologized to Lucas and he was punished by the club.

175B GPT-3: Newcastle's Moussa Sissoko faces disciplinary action for a reckless foul on Liverpool's Lucas
Leiva. Manager John Carver said the club would deal with the situation and Sissoko apologized to Lucas. Carver
also stressed the need for Newcastle to start winning games and not rely on other teams to avoid relegation.

175B GPT-3(SumCoT): Newcastle's interim captain Moussa Sissoko faces disciplinary action after being sent off
for a foul against Liverpool at Anfield on Monday night. Head coach John Carver thought it should have been a
straight red card. He said the club would deal with the situation. Carver also pointed out that the team cannot rely
on the mistakes of others to maintain its Premier League status, and he hopes that the team can win the next two
home games.

175B GPT-3(ERASum): Newcastle's acting captain Moussa Sissoko faces disciplinary action after receiving a
second yellow card for a midfielder's foul on Lucas Leiva against Liverpool on Monday. Head coach John Carver
thought it should have been a straight red card. Sissoko apologized to Lucas and Carver said the club would deal
with the situation.

B3 AEAEERPHERG (MBARMERTIEXER)
Fig. 3 Examples of summaries generated by different methods ( bold and italics indicate entity relationships)
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