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PO Lucas: Where r u? I'm waiting at the airport.
Vanessa: There was a foul-up with the flight. I'm trying to get another ticket.
Lucas: OMG. How come?
Vanessa: No bloody idea. All of the flights are booked cos students are returning
from holidays.
Lucas: I've called the airport and they said there’s a flight to New York at 9:45 p.m.
Vanessa: Great, I'll book it now.
O S 1511 3 In/EX
2 EntE FEE-BRIFEDEIRY | Vanessais waiting at the airport. In
S| PredT | dREEDEEY Lucas has emailed the airport and got some Ex
= information about the flight to New York.
£
& | CirE EfmEEDIRY Lucas is waiting at the train station. Ex
— CorefE | X &5 SHBMD3E’Y | Vanessa is trying to get another ticket for N/A
4 themselves.
2| LinkE | SEAMIDERZRM3ERY | Vanessa will book the flight to New York at 9:45 | N/A
pm because students are returning from holidays.
Other | ZMfth N/A
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Source Dialogue

Avril: Hil Have you got plans for the weekend?
Frank: Hello, no, | don't.

Frank: | mean | have some things to do, but nothing special.

Avril: Do you like mushroom picking?

Frank: U serious?

Avril: :D :D :D Of course not! M

Avril: But i'm going to see horse racing. U comin'?
Frank: Now, u r talking! Sure I'll come with u!

A Sentence from a model generated summary

Avril and Frank will go = mushroom picking for the weekend.

plans
some things
horse racing

nothing special

candidates
l :
Pre-trained Encoder-Decoder Model
\d ¥ ¥ ¥ ¥
-0.92
2
mushroom picking is not factually consistent, because its rank is 2, larger than T=1

(assuming T=1. T is a tunable hyper-parameter).
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Model NoE EntE CirE PredE CorefE ~ Others  Micro Avg Macro Avg
Adapted state-of-the-art models

QAFACTEVAL 0.680 04 0.45003 0.230_11 0.00000 0.11p06 0.00000 0.510.03 0.25¢.02

DAE 0.77002 0.32005 0.030.06 0.00000 0.000.00 0.340.11 0.590 092 0.240 02

Weakly Supervised multi-class classifier

BERTMULTI 0.72000 0.20500 0.08500 0.09¢.00 0.290.00 0.08000 0.54¢ 00 0.24¢ 00

ENDERANKER (ours)

BART-LARGE-CNN 0.67006 0.34007 0.04006 0.15004 0.12010 0.00p00 0.47007 0.220.01
BART-LARGE-SAMSUM  0.670.06 0.35008 0.03004 021006 0.21p13 0.00000 0.470.05 0.240 02
PEGASUS-CNN 0.71p003 0.37008 0.04905 0.18005 0.14909 0.00000 0.52¢ 04 0.24¢ 01
PEGASUS-SAMSUM 0.67004 0.37000 0.06007 0.19906 0.16011 0.01g02 0.46¢ 05 0.240 01
TS5-LARGE-CNN 0.68004 0.35000 0.03004 0.15004 0.06003 0.01g02 0.47905 0.219 02
T5-LARGE-SAMSUM 0.70008 0.35910 0.04905 0. 220 08 0.14003 0.00000 0.519.09 0.24¢ 03

Ensemble learning (including our ENDERANKER model)

FREQVOTING 0.79003 0.40p05 0.05511 0.10g08s 0.125190 0.01g02 0. GHO 03 0.24¢ 03
LOGISTIC 0.80003 0.44505 0.20p13 0.00000 011510 0.03p03 0.61903 0.260.04
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Dataset #Mod #Summ #Sen Domain  Annotation Typology
F(al{clf)(f:s(c:inski et al.. 2020) 10 /1434 news binary (consistent, inconsistent)
?@Sﬂi et al.. 2020) 2 474 /  news binary (consistent, inconsistent)
i;?bngg‘ilal" 01y 44 12,800 / nmews  S-point Likert scale

?gi;’gm A 2020) 10 1.500 / nmews  multi<lass

((;é(z)il)zit al.. 2022) 1 800 /' news multi-class

I\(/I;I{i;ii;gt al.. 2020) 5 500 /' news binary (intrinsic, extrinsic)
F(rpr‘rl}; oni etal. 2021) 8 2250 4942 news  multi-class

Goyal 21 3 50 /' news multi-dimensional, multi-class
(Goyal and Durrett, 2021) ’

((:](;gl:an d Wang, 2021) 2 600 /[ news multi-class

((:%:f;zt al.. 2022b) 4 76 / dialogue multi-class

?g}iii?;“fv‘g 2002) 13 4,200 dialogue  5-point Likert Scale
DIASUMFACT (ours) 6 475 1,340 dialogue multi-dimensional, multi-class
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