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Dialogue

Machine Learning

Information Extractionand Text Mining
Resources and Evaluation

Machine Translation

Question Answering

Tagging Chunking Syntax and Parsing

Textual Inference and Other Areas of Semantics

Sentence-level Semantics

ACL Trends
By Wanxiang Che on 19 May 2020
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Amazon Web Services  @awscloud - Dec 1, 2021 S . g
mbl.ai @symbldotai - Dec 22, 2021
@ Even for contact centers, our innovations never phoneitin. M %y Stand UP _y @sy P R - P .
Contact Lens for Amazon Connect -Call Summarization uses Al-powered < Monday, December 20th, 2021 = Couldn't make it to a meeting? Webinar? Hmmm.. it'd be cool if you
speech analytics to create a summary of a call when it ends, saving agents 00 = ki5pm could just get a summary of it, right?

time from taking notes! #AWS #relnvent go.aws/3laVybV

~ Our Summarization API synthesizes vast amounts of conversation data
into a concise summary!

adWs

N . .
Try it out and let us know what you think: ow.ly/kHyO50HeGRB
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V00 - Submit Mew Video

Connect - Call | [
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Check Regquest Status (ot Body SN - Tt € 0000 LIy LK SevsResporee
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1 4757.0 322.0 N 23

2 ICSI 59 10189.0 534.0 6.2 Vv J AL

3 SAMSum 16.4k 83.9 20.3 2.2 Vv i)
4 MediaSum 463.6k 1553.7 14.4 6.5 V K%
5 QMSum 1.8k 9069.8 69.6 9.2 N 23
6 SUMMSCREEN 26.9k 6612.5 337.4 28.3 Vv 2L B
7 SumTitles 21.4k 423.06 55.03 4.88 Vv ¥ %
8 DialogSum 13.4k 131 13.8 - N 05

9 LCSPIRT 38500 684.3 75 2 Vv i ()
10  EMAILSUM 2.5k 233.2 68.5 - Vv A
11 CSDS 10k 390.0 83.21 2 Vv ER(F)
12 TODSum 9.9K 186.9 45.4 2 Vv B ()
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Word-level Transformer

Turn-level Transformer

Add & Norm
Feed-forward

Add & Norm

Self-Attn

= —
O ai
D D
I[BOS]I I Good II Morning I [ senty ] I sent,...l
|

XN

Decoder

Add & Norm
Feed-forward '

Add & Norm

" D Role vector

@ Positional encoding u Triangular Masking

Add & Norm

Add & Norm

XN

[ <BEGIN> || The | | Meeting |

A Hierarchical Network for Abstractive Meeting Summarization with Cross-Domain Pretraining Findings of EMNLP 2020

Model ROUGE-1 R-2 R-SU4
AMI
HMNet 53.0 18.6 249
—pretrain 48.7 184 235
—role vector 47.8 172 21.7
—hierarchy 45.1 159 20.5
ICSI
HMNet 46.3 10.6 19.1
—pretrain 42.3 10.6 17.8
—role vector 44.0 9.6 18.2
—hierarchy 41.0 9.3 16.8
Table 3: Ablation study of HMNet.
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Dialogue Discourse-Aware Graph Model and Data Augmentation for Meeting Summarization IJCAl 2021

{ AMlIorICSI :: Parts of the Meeting
Train Set Meetings: ; { A: what's the standard colour? <---==-=-3QA ? seudo Summary |
: i/ "B: we have different colour z--=-----=-+ K
q | A: we should have standard colour ........ elaboratlon
.. | B: how about black, black is always..--,
‘ the standard . icontinuation:
q i i | B: yellow also regular remote colourg:==:i...,
i1 A: yellow seems not suitable gz  conrast
E P B: blue is more popular ;:::::::::::::::' jcontinuation i oo
A: SOUNdS Ereat .......ooooooooovvveoo : acknowledgment  Pseudo Meeting
AMI ICSI
Pseudo Corpus Pseudo Corpus
# of Original Data 97 53
# of Pseudo Data 1539 1877
Avg.Tokens 124.44 107.44
Avg.Sum 13.18 11.97
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Policy training via PPO

e Conversation . |==L , | Summary Reward —_— ".'.."'
"| Generator @ Generator Model . 4

Summary Policy Conversation ‘ Reward

Figure 1: The RL based conversation generation framework

Summary Grounded Conversation Generation Findings of ACL 2021
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Amanda: | baked cookies. Do you want some?
« Amanda: I’ll bring you tomorrow :-)
/’ Jerry: Sure!
Conversation: ,/
Amanda: | baked cookies. Do you want some? | 7 Amanda: | baked cookies. Do you want some?
Jerry: Sure! (_’ _ ., derry: Uh-huh! (backchannel)
Amanda: Pll bring you tomorrow :-) \ Jerry: Sure!
Summary: \\ Amanda: I’ll bring you tomorrow :-)
Amanda baked cookies and will bring Jerry \
some tomorrow. \\ Amanda: | baked some cookies. Do you want
\( some tomorrow?
Jerry: Sure!
Amanda: I’ll bring you tomorrow :-)

Random
Swapping
or Deletion

Dialogue Acts
Guided
Insertion

Conditional
Generation
based
Substitution

Simple Conversational Data Augmentation for Semi-supervised Abstractive Dialogue EMNLP 2021
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Chat Utterar)ces

)
s e

CUP
s | Relevance Score I

HIIELE | i é& é@g
i %**E*a

l

Chat Segment Reoon

@ Loss

'I,Jl £ q:l];Tg Noise J
gg)ﬁ—‘aﬁg %% Pseudo Segment Encoder — D —» |Dacodor

(a) The training stage of RankAE.

D — I Denoised Segment |

Chat Utterances : @
. [ . ’
I% —> | Encoder | —> % - g@—» Reé?:\;a;ce *ETE@?*E“’\)\
n III SR B, £
| | MMRE%%
FEEEa

Window

%l '/ Toplc Utterance Reanking
: Strategy

Topic Segment . s :1 — M Summary EEEJZ@;%%

(b) The inference stage of RankAE.

Unsupervised Summarization for Chat Logs with Topic-Oriented Ranking and Context-Aware Auto-Encoders AAAl 2020 21
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» 31&47 % (Dialogue Act) # T & T &%t F 694F Fl 5%k

Multi-Party Dialogue

f Dialogue Act )

A: mm-hmm . Backchannel
B: mm-hmm . Backchannel
C: then , these are some of the remotes which are different in shape and colour , but they have many buttons . Inform

C: so uh sometimes the user finds it very difficult to recognise which button is for what function and all that . Inform

D: so you can design an interface which is very simple , and which is user-friendly . Inform

D: even a kid can use that . Inform

A: so can you got on t t uh to the next slide . . _ Suggest |

| Summary: alternative interface options

s A ZES5F
IEIT AR 2Ry

_—)
| s

Abstractive Dialogue Summarization with Sentence-Gated Modeling Optimized by Dialogue Acts SLT 2018
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O What would go in the device
( U1 ) functions one ?

( Ul ) [ twelve Euros fifty.

We're trying to make it for j O Where would you physically

Question-answer pair

C Things like on off. ) % !

@
)

)

O

PM

So we're talking about ten
centimetres.

|
|
: @ position the buttons ?
|

~ Contrast | _

Continuation | Elaboration

|
(" (No.Twasi) & p

|
|
|

We're having another j

meeting in half an hour. many things. '

[ That has some impact on O

D

Acknowledgement

( That sounds good. ) (90

L

Parts of the Meeting

B You can have neat design for 1t ----- QA'ContraSt

C : It would increase the cost. ‘4‘::::::; ----- '

C : We have to change the end cost.---  Continuation
Summary

A asked whether to include a battery charger. B
answered his question. However, C disagrees with A
since it would increase the final cost.

Dialogue Discourse-Aware Graph Model and Data Augmentation for Meeting Summarization IJCAI2021
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Dialogue

| [domain1: hotel]

[dialogue state]

U: | am looking for a 3 star hotel in
Cambridge with free wifi.

A: There are five hotels that meet
that criteria. Do you have a location
or price range in mind?

U: | would like something cheap.
A: Unfortunately, none of the cheap

K hotel: (stars, 3), (area, Cambridge),
(internet, yes)

hotel: (stars, 3), (area, Cambridge),

| am looking fora ...

hotel inform ( stars ...

the west and has internet. ...

hotels have free wifi. Would you et S s
prefer to try a different price range (internet, yes), (price range, cheap)
or go with a hotel without free wifi? .
U: How about a hotel with a 4 star 1
rating? | L, hotel : (stars, 4), (area, Cambridge)
A: There are many what area would 1 (internet, yes), (price range, cheap)
you like to stay in? i
[domain2: restaurant] [dialogue state]
U: | also need a place to eat that ‘I
serves italian food and should be in | _| restaurant: (food, italian), (price
the same price range as the hotel. : range, cheap)
[domain3: taxi] [dialogue state]
U: | want to book a taxi from the ‘,
hotel to the restaurant, that arrives 1w taxi: (arrives at, 11:30)
at 11:30. :
Ground Truth
The user wants to know the address of the hotel, and the hotel is 4-star and
has interet. ...
BART Prediction

The user wants to know the price range of the hotel, and the 3-star hotel is in

BART+DS Prediction

internet and cheap pricing. ...

the user wonders what the address of the hotel,

and the 4-star hotel has

Figure 1: An example of TODSum with dialogue states.
There exists three challenges: Factual Inconsistency (fac-
tual errors in generated summaries like 3-star), Repetition
and Negotiation (see hotel), and Multiple Domains.

Dialogue

}
1
i U: I am looking for a 3 star hotel in Cambridge with free wifi.

i A: There are five hotels that meet that criteria. Do you have a
i

1

1

1

location or price range in mind?

: Dialogue State

Dialogue
Encoder

Dialogue state
Encoder

1 hotel inform ( stars = 4 ; pricerange = cheap ; internet = yes )

Decoder

cross-attention

*

[
{ cross-attention

+

self-attention

T

The user wants to know ...

Figure 3: Overall architecture of our model.

TODSum: Task-Oriented Dialogue Summarization with State Tracking
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« T AE#5 (Topic Drift) &3f#&Fa9—Hw LILE
EmgH

[ Conversation opic View Stage View
James: Hey! I have been thinking about you : ) e iin s
Hannah: Oh, that’s nice ;) Openings
XhiEEs| James: What are you up to?
Hannah: I'm about to sleep Today’s plan ;
. . Intention
James: I miss u. I was hoping to see you
Hannah: Have to get up early for work tomorrow
James: What about tomorrow? Plan for tomorrow
Hannah: To be honest I have plans for tomorrow evening Discussion
James: Oh ok. What about Sat then?
AFEal Hannah: Yeah. Sure I am available on Sat Flim.fox Seturdsy
James: I’ll pick you up at 8? . :
_Hannah: Sounds good. See you then. Pick up time Conclusion
Summary James misses Hannah. They agree for James to pick Hannah up on Saturday at 8.

Table 1: Example conversation from SAMSum (Gliwa et al., 2019) with its topic view and stage view (extracted
by our methods), and the human annotated summary.

Multi-View Sequence-to-Sequence Models with Conversational Structure for Abstractive Dialogue Summarization EMNLP 2020
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1EAZ E 8 E ’5: 1 du%] (Self-Self Attn)
HiE A Z 8 697E 5 pd (Self-Others Attn)

° IS]-»—er

C RR

N/

Word-level Encoder

Utterance-level Encoder

AReR

senty [Eou | >Lnl lllll L]\lf ||r>(|

Add & Norm

' Feed-forward

N

Positional
Encoding y

| sent; |(E0U][ senty | [EOU] ++eeee [EOU]

Anne: You were right, he was lying to me

Irene: Oh no, what happened?

Jane: who? that Mark guy?

Anne: yeah, he told me he’s 30, today |
saw his passport - he's 40

Irene: Your sure it's so important?

L

Anne: he lied to me Irene

T

Concat

|
( Feed-forward )

Add & Norm )\

A Add & Norm )
f

A Speaker-Aware Self-Attention Y

ALJ AT A a1 T g T A

A A
1 1

1 J
A A

1 1

A

A

\‘ Self-Self Attn  Self-Others Attn

k&”’” )

,.______________-

I
| Utterance-level
: ' Representations

Decoder

&

Triangular

Masking

ue—@

Positional
Encoding

[[BOS] | [Mark | [Tied |[to] ===

Hierarchical Speaker-Aware Sequence-to-Sequence Model for Dialogue Summarization ICASSP 2021
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Dialogue Content:

John: | missed our 5-year college reunion. | was down with a
terrible flu.

Mary: Let me fill you in on the gossips!

John: Oh, please

Mary: Tony and Bell split up.

John: What?! They have been together for 8 years!

Mary: Yeah, Bell met a new guy. He is really handsome, by the
way. He came with her to the reunion.

John: Was Tony there? Must have been awkward....

Mary: Yeah, Tony still wants to be friends for the sake of the
children, but | think Bell prefers a clean cut.

From John's Perspective: Mary sent John some gossip from
her college reunion. John missed as he was down with the flu.

From Tony's Perspective: Tony and Bell split up after 8 years
of marriage. Tony still wants to be friends for the sake of the
children.

Comprehensive Planning: {John, Mary, Tony, Bell}

Output: Mary sent John some gossip from her college reunion.
John missed the reunion. Tony and Bell split up. Bell met a new
guy. He came with her to to reunion.

Baseline Model w/o Conditional Generation: Mary sent John
some gossip from her college reunion. John missed the
reunion.

Controllable Neural Dialogue Summarization with Personal Named Entity Planning EMMLP 2021
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Max: Know any good sites to buy clothes from?

Payton: Sure :) <file_other> <file_other> <file_other>
Max: That's a lot of them!

Payton: Yeah, but they have different things so I usually buy
things from 2 or 3 of them.

Max: I'll check them out. Thanks.

Max: Do u like shopping?

Payton: Yes and no.

Max: How come?

Payton: I like browsing, trying on, looking in the mirror and
seeing how I'look, but not always buying.

Max: So what do u usually buy?

Payton: Well, I have 2 things I must struggle to resist!

Max: Which are?

Payton: Clothes, ofc ;)

Max: Right. And the second one?

Payton: Books. I absolutely love reading!

Riley : IIChloe is on tv!!
2 : on which channel?
2 : never mind, 'Ve found it
2 : What is doing? @don’t get it

Riley : this is a programme in which women
undergo a complete metamorphosis.

Riley - OMG looks pretty gorgeous!

(s}
1 ) 1

(Co ) (o )
N

[ Multi-Head Self-Attention ] [ Multi-Head Self-Attention ]

Base Model: Payion is looking for good places to buy clothes. He
usually buys things from 2 or 3 of them. He likes browsing and
trying on clothes. Max likes reading books.

[ Multi-Head Self-Attention ] [ Multi-Head Self-Attention ]

Coreference-Aware Model: Max will check out some good places t ta |4 t wy wy - Wy
to buy clothes. Payton likes browsing, trying on, looking in the )= - J/ Caretarence Graph \[ ][ } { . ]/
mirror and seeing how she looks. Payton loves reading.

Encoding Layer

Bi-directional Encoder Auto-regressive Decoder

Coreference-Aware Dialogue Summarization SIGDIAL 2021
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Keep Meeting Summaries on Topic: Abstractive Multi-Modal Meeting Summarization ACL 2019

{ Visual Focus Of Attention (VFOA) |
: Output :-:
R . y |
|
VFOA Target Detector I @
f N e Meeting2Segment
1 = Attention
OpenFace Feature Extractor : L] ]
(S0
Eye Gaze Head Pose : "‘p *
Direction Angle I Pl . Segm:niZU“erance
1 ttention
\
| | | 1| i | =
(ugy
: @ @ @ u( Utterance2Word
" AU AT S S A7 Attention
K Lo W
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B ufo\ A | (f2) ) L3
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{ Tomyooguys """"""""""""""""""""""""" )
i Tom: yoo guys. - John: hey wassup. [TS] i
E John: hey wassup. : §>1<§ : Tom: Remmber the meeting H
i Tom: Remmber the meetlng._’ s : John: [RD] I almost forget it. i
i : DialoGPT g
' :John: I almost forget it. : John: Where? !
| John: Where? . Tom: Barbara's place. E
| Tom: Barbara's place. | [TS]: Topic Segmentation | #IEY# meeting, Barbara's place
I [RD]: Redundance Detection I
\ Onglnal Dlalogue #KEY# Keywords Extraction Annotated Dlalogue )
(a) Annotating
' Labeled Train__ " Initialized ! ' Labeled Test N " Trained |
E Set Dialogues | Summarizer ) E i Set Dialogues | Summarizer | i
(b) Training (c) Testing

Language Model as an Annotator: Exploring DialoGPT for Dialogue Summarization ACL2021
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& Summarize the whole meeting. ‘

j’l‘he meeting was mainly related to ...... \

| Summarize the discussion
about the trends of current

remote controls.

The group discussed different
trends based on different ages of
people. ...... Finally they decided to
add LCD screen.

What did User Interface Designer
think of surface design when
discussing user interface?

User Interface Designer said the
remote should perform standard
features right out-of-the-box ......

Meeting Transcripts
Turn 0: Project Manager: We have been provided
with some technical tools to communicate.
Turn 16: Marketing: This is just a presentation on
the trends that we're gonna use to make the

product stand out from ......

Turn 78: Marketing: Young people like that things
with cool appearance.

(Turn 85: Marketing: What do you think of adding )
an LCD?

Turn 89: Project Manager: Okay, we'll include it to
\make the appearance attractive to young people. /

G"urn 121: User Interface Designer: The idea of
having a remote is you have different keys and
different structures. ......

Turn 162: Project Manager: Sure. Let's push

\forward the interface design. ,

QMSum: A New Benchmark for Query-based Multi-domain Meeting Summarization. NAACL21
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$=256, W=1024

Transformer Decoder

Transformer Encoder

2 f \ [ \ Generated Summary Snippets
3 KFI;\ Feod
E- Add & Norm Forward 1 T L T 1 1
T T ]
$=258, W=512 e
E_ bl : > Summary Sentence | [SEP] | Context Boundary Prediction
Multi-Head
_ > e > Attention
Nx Add & Norm Nx
$=128, W=512 E- Ml Hoad RTh o ,
Masked ‘ Dynamic Sliding Window .
L W - Multi-Head Sirategy
$=512, W=1024 \ ==y / Attention :,
A .
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1 3 |5 7 |

§=128, W=128

(121314]5(6(7 (8]

i
s_51zI W=512

$=1024, W=1024

\——
Next Window Start Position

....................................................

Input Conversation Sequence

Figure 1: A total of 10 combinations of window (W) and
stride (S) sizes examined in this study. A small stride
allows a text region to be repeatedly visited by the sum-

itk THS inibemil- ) indiateTocal o iows. Figure 3: Overview of the meeting summarization framework with the dynamic sliding window strategy.

asEN s (W

A Sliding-Window Approach to Automatic Creation of Meeting Minutes 35
Dynamic Sliding Window for Meeting Summarization SummDial@SIGDial 2021
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Output

Sam: Do you have any plans? -+ Amy: Let's go!

P

e &

Tom: What a nice day! '~

Amy: [MASK] go! - [MASK]: Do you have [MASK]? Tom: Sure. -

i A

~ NoEgee-U e

Rl ss S L
I[ Transformer Layer L ll Layer =
e w— | [
:l eanstormen Tayer 2 ‘ :— DFull Self-AttelgiomDD
f
[ Tmbmertovert ||| g O e
Token Embedding
Position Embedding Other | I ‘ l ] i iz;teB?ocks
Segment Embedding Layers " "
Gl ) I I £ Ellersions
Transformer Encoder Sinkhorn Attentiom

Input T Noisy Window
Tom: What a nice day! - Sam: Do you have any plans? - Amy: Let's go! Tom: Sure.
Text
Noise Type Original Dialogue Noisy Dialogue
Speaker Mask Tom: The weather is good today! [MASK]: The weather is good today!
Tom: The weather is good today! Tom: The weather is good today!
Turn Splitting Do you have any plans? [MASK]:Do you have any plans?
How about we go to play basketball?  [MASK]:How about we go to play basketball?
Tom: The weather is good today! Tom: The weather is good today!
Turn Mergin Do you have any plans? Do you have any plans?
rging Bob: I still have homework to do today. 1 still have homework to do today.
I'm afraid I can’t go out to play. I'm afraid I can’t go out to play.
Tom: The weather is good today! Tom: The weather is [MASK]
Text Infilling Do you have any plans? Do you have [MASK] any plans?
How about we go to play basketball? [MASK] we go to play basketball?
Tom: Do you have any plans? Sam: [ still have homework to do today.
Turn Permutation Bob: How about we go to play basketball? I'm afraid I can’t go out to play.
utatio Sam: I still have homework to do today. Tom: Do you have any plans?
I'm afraid I can’t go out to play. Bob: How about we go to play basketball?

DIALOGLM: Pre-trained Model for Long Dialogue Understanding and Summarization AAAIl 2022 36
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1. Extended transformer models such as Longformer,

2. Retrieve-then-summarize pipeline models with several dialogue
utterance retrieval methods, and

3. Hierarchical dialogue encoding models such as HMNet.

An Exploratory Study on Long Dialogue Summarization: What Works and What’s Next Findings of EMNLP 2021 Short 37
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[Nurse] Hi Mr.#name#, you were discharged on #date#. There are some

questions i'd like to check with you.

[Patient] Ok, Ok.

[Nurse] Well, have you been experiencing swelling recently? a

[Patient] Swelling? It comes and go, comes and go. EE ﬁ

ﬂ[l]ﬂﬁ [Nurse] Comes and go ... | see .. #repetition#
[Nurse] ... #pause#... When did it start?

[Patient] Let me see, started from three weeks ago. IEE?&%“;E
ihdn;se] Are you experiencing any headache right now as we speak? ==
[Patient] Umm ... #back-channel# :Emjj *"lﬁ“

[Nurse] Let me check, the last time you told me is sometimes at night.
[Patient] Oh, right, only a bit.

H@’-ﬁ [Nurse] Still feel some chest pain or chest discomfort?

[Patient] Yes, my head is... #false-start# no, the pain is much better.
Still feel headache though ... #topic-drift#
[Nurse] Any giddiness or palpitation? 15IER IS
~“I E=31 | [Patient] Palpitation? Do not have-- #interruption# 131:‘ -&tl.]li
ZE | [Nurse] Well ... Do you-- #interruption# E jJ *n'ﬁu
[Patient] and no giddiness, no, nothing. e

[Nurse] Ok, you need to check your heartrate everyday.
[Nurse] Do you know how to use the device?
[Patient] Yes, yes, no problem.

b) o
Swelling: started from three weeks ago, comes and go. ﬁﬁgﬁ

Headache: sometimes, at night, only a bit.
Chest pain: much better.
Dizziness: none.

A

Topic-aware Pointer-Generator Networks for Summarizing Spoken Conversations ASRU2019 38
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(S)ubjective information reported by the patient

(O)bjective observations, e.g., lab results

(A)ssessments made by the doctor (typically, the diagnosis)
(P)lan for future care

Conversation

(1) Extract

Noteworthy for review of systems

DR: So are you taking the Monteluekast
regularly?

PT: Yeah, one everyday like you said.
DR: Good. And is it helping? Do you have
chest pains anymore?

PT: No. No chest pains.

DR:That's good.

PT: Although | do still have some cough.
DR: | see. And do you get, like, mucous
with it or is it dry?

PT: Umm no it's usually dry. No mucous.

DR: Good. And is it helping? Do you
have chest pains anymore?
PT: No. No chest pains .

Y

s

PT: Although | do still have some cough.
DR: | see. And do you get, like, mucous
with it or is it dry?

PT: Umm no it's usually dry. No mucous.

(2) Cluster

DR: Good. And is it helping? Do you have
chest pains anymore?

PT: No. No chest pains

SUBEJCTIVE

PT. Although | do still have some cough.
DR: | see. And do you get, like, mucous

Noteworthy for medications

with it or is it dry?
PT: Umm no it's usually dry. No mucous.

DR: So are you taking the Monteluekast
regularly?

PT: Yeah, one everyday like you said.

DR: So are you taking the Monteluekast
regularly?

PT: Yeah, one everyday like you said.

(3) Generate
OBJECTIVE
Labresuts -

ira allerg
Fluticasone
ASSESMNT

essment - Patient feeling better after taking inhaler. Still
has some cough but no chest pain.

ntments - Followup in 1 week to
assess condmon and decide when to stop using the inhaler.

Figure 1: Workflow of our best performing approach involving extraction and clustering of noteworthy conversa-
tion utterances followed by abstractive summarization of each cluster (fictitious data)

Generating SOAP Notes from Doctor-Patient Conversations Using Modular Summarization Techniques ACL 2021

39



| ESXEPRSEDS

BT 1EP LT 2 QAT BHINEE

BaFEERE? |

|i§ﬁl

LIREX M RISERIER | (FEIsEs ? |

| EEnns |

Dr.Summarize: Global Summarization of Medical Dialogue by Exploiting Local Structures Findings of EMNLP 2020 40
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Dialogue

AGENT: Hello, what can I do for you?

USER: What's the standard of electric vehicles for the Express.

AGENT: Do you have a car?

AGENT: Or are you going to buy a car?

USER: Iam hesitating which car to buy. One is Jianghuai EV Seven,
the other is BYD YUAN.

AGENT: OK, you can fulfill the table in this link (link info) with the
type of vehicle you wish to check. We will give you feedback
in seven days.

USER: Ihave not bought yet.

USER: Can you check it now?

AGENT: I am quite sorry for that. A specialist on this issue will check
it and call you back.

AGENT: They will give a precise answer for your question.

USER: OK.

AGENT: Thanks for your understanding. What else can I do for you?

USER: Nothing, thanks. Bye.

AGENT: Thank you. Have a nice day.

Summary

The user’s question was about the standard of EV car for the Express.
He asked the standard to decide which car to buy. I told the user to
fill in the type of the cars in our system and we would give feedback
in seven days. The user approved the result. The user hung up.

Key point sequence
Question description — Solution — User approval — End

Automatic Dialogue Summary Generation for Customer Service KDD 2019

T

\ 4

\ 4

\ 4

\ 4
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What is the background of the call?
What is the purpose of the user’s call?
What is the key of the question?
What is your solution?

::Eé‘;z LtcLsi]  Question | [ rsePy) ((s11) (Utterancel] ([EOT) (1521 ( Utterance2] (feOT)) [ ... | [I3EPI)
[ BERT J
gggﬁ;ﬁfés [T[CLS] [TQuestion] [T[SEP] [T[s1]] [TUtterancel] [T[Em] [T[sz]] [TUnemce?] [T[EOTi [ ] [T[SEPi
p X -
Gold User complain about her Hello my shopping vouchers have]
0 expired shopping _ Create | 0 0 1 1 0
sub-summary label expired but I bought them ...
vouchers L 00 0 0 )
_______________________________________________________________________ i-----------------
(< " B
Hello my shopping vouchers have
| Y— Shopping vouchers have Get 0.02 0.01 0.96 0.94 0.08
expired “answer _ |expired but I bought them ...
9 0.91 0.020.12 0.04 0.11

MRC

Module
Section 2.3

Distant

Supervision
Section 2.2

Extraction

Strategy
Section 2.4

Fig. 1. The overall architecture of DSMRC-S. The key point “background” is taken as an example in this figure.

Extractive Dialogue Summarization Without Annotation Based on Distantly Supervised Machine Reading Comprehension in Customer Service TASLP 2022 42
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Dialogue Fine-grained Annotation
0 Q: AAMAE LA REE? (Whyis my User identity: 1% / Customer
shipping information not updating? ) Topics Questions Answers Well-formed answers
1 A: T EE—T, (I check it for you.) B S d T R

P o 5 s 5 7 18] 5] A AT A R4 8 ,
2 @ ABEGAS, CLARARMERTL || pnse | JRPHVOURCY | R sns i o
(Why hasn't the purchased umbrella been AZIRIR doistoier asks ’why 4) (The agent replies.because
updated with the shipping information?) g‘ell‘(‘,’efy shipping information is tl:; goods a;e in transit, the
3 A BAEHELERIISRP O, (Itis acking) | 1ot updating. ) SHPIERIORTALON 1510t

(Same as the answer)

. . .. shown.)
being transported to Shanghai Songjiang —
Distribution Center.) Wi M Pl A T 4 R LIRATRHAFEL
2 3k 2 ZR AT ; 1% ik 4 ¥
4 A:iZ#ig+ AREFH. (The shipping A% | #&. (6) (The ERAT R, (7) k&9, (6,7)(The
inf tion is not shown in transit (delivery | customer asks if the (The agent says it will. ) agent says the goods
Inforxstion is. net show In transit) time) goods will arrive today.) will be delivered today.)

5 A: ¥ T3 LisDent], LAk RHTHE L.
(New information will be updated when ®)
the goods arrive in Shanghai [address] in

Overall summary:

the afternoon;) R P A T RS &R A A BIRE G & T AR R, BRI AT R L. (The
6 Q: RiZELHXRE, R THEIRIAYRY customer asks why shipping information is not updating. The agent replies because the goods are in
L £ A, (Youpromised to arrive transit, the shipping information is not shown.)

Rl P Wit &4 X8k, BRAT24. (The customer asks if the goods will arrive today .

today. Can you make it? I’'m on a business A
y Y The agent says it will. )

trip tomorrow morning. )
7 A: A X E|8y. (Itwill arrive today.) User summary: )
8 Q:i###. (Thanks.) B 78 12 A 740745 88 A ZdF . (The customer asks why shipping information is not updating.)

* ° ? H P14 18] Wik be B A F B 1k, > cus asks i yoods will arriv y

9 A: i FIEA LML E0D? Do you 1 Faa el it dane & 4 114 . (The customer asks if the goods will arrive today.)

have any other questions to inquire?) WeCIE SY i D T . )

~ ; FIRE ph Fitdpaiaind, Bdniifs &2 L4 . (The agent replies because the goods are in

10 A: 443, K% Ro (Okay, you're welcome. ) transit, the shipping information is not shown. )
11Q: %A T+ (Thereare no questions.) BT A4 K2 £3589 . (The agent says the goods will be delivered today. )

(@ (c)

Agent summary:

CSDS: A Fine-Grained Chinese Dataset for Customer Service Dialogue Summarization EMNLP 2021 43
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(An Exploratory Study on
Long Dialogue
Summarization: What %%

kWorks and What's Next

Leveraging Pretrained Models
for Automatic Summarization
of Doctor-Patient

Conversations 3M

J

Topic-Aware Contrastive "
Learning for Abstractive ACKR
Dialogue Summarization IR

Give the Truth: Incorporate
Semantic Slot into Abstractive
Dialogue Summarization ;||;m|;)

-

S

\

A Bag of Tricks

~

for Dialogue
ummarization

3 5

_/

-
CSDS: A Fine-grained Chinese
Dataset for Customer Service
Dialogue Summarization ®H#ifz
.

-
GupShup : Summarizing Open-
Domain Code-Switched

Conversations  EppE{s &3
\_

( Simple Conversational Data
Augmentation for Semi-
supervised Abstractive Dialogue

. Summarization  fARWIET

\( Low-Resource Dialogue

Summarization with
Domain-Agnostic Multi-
|_Source Pretraining %8

J
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Topic-Oriented Spoken
Dialogue Summarization for
Customer Service with
Saliency-Aware Topic
\Modeling

~

Y,
(" AAAI 2021 )

Unsupervised Summarization
for Chat Logs with Topic-
Oriented Ranking and
Context-Aware Auto-
Gncoders

_J

(EMNLP 2021

Low-Resource Dialogue
Summarization with Domain-
Agnostic Multi-Source
\Pretraining

ZEN

(EMNLP Findings 2021
A Hierarchical Network for
Abstractive Meeting
Summarization with Cross-
Domain Pretraining

\_

~

FE I T

(" EMNLP 2020

Multi-View Sequence-to-
Sequence Models with
Conversational Structure for
Abstractive Dialogue
\_Summarization

NAACL Short 2021
MediaSum: A Large-scale
Media Interview Dataset for
Dialogue Summarization

~

" NAACL 2021
Structure-Aware Abstractive
Conversation Summarization
via Discourse and Action

~

/ \_Graphs )
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DialogLM: Pre-trained
Model for Long Dialogue
Understanding and
\Summarization. )

A*STAR

(" ASRU 2019
Topic-aware Pointer-
Generator Networks for
Summarizing Spoken
\Conversations

(SIGIR 2021

Coreference-Aware
Dialogue
kSumma rization

J

( SummDial @SIGDial
2021

Dynamic Sliding
Window for Meeting
\_ Summarization

\_

/ EMNLP 2021
Controllable Neural
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Summarization with
Personal Named Entity
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~
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Improving Abstractive
Dialogue Summarization with
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Trickl : name substitution
« FALHRT AL (RFEART)
« # 7 , ROUGE-L}%7=0. 8
Trick2 : negation scope highlighting
o JFER T EA58] : “I don’t know what to do” --> “I don’t <NEG> know what to do <\NEG>”
o L, MRAKT
Trick3 : multi-task learning on common sense tasks

e Short Story Ending Prediction , Commonsense Generation , Commonsense Knowledge Base
Construction
© A3, ROUGE-L}Em—/ = A%
Trick4 : pretraining on an in-domain dialogue corpus
o Yk 42 19| Z5BART f2 PersonaChat#=Reddit comments
* A%, ROUGE-L}¥m0.9/ &A%,

A Bag of Tricks for Dialogue Summarization EMINLP 2021 Short
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AMI and ICSI SAMSum

AMI ICSI Model [ R1__R2 RL
Model ROUGE-1 ROUGE-2 ROUGE-L || ROUGE-1 ROUGE-2 ROUGE-L Extractive Methods
TR L LONGEST-3 3246 1027 29.92
TextRank [Mihalcea and Tarau, 2004] | 29.27 8.2  28.78
TextRank [Mihalcea and Tarau, 2004] 35.19 6.13 15.70 30.72 469 12.97 ——
SummaRunner [Nallapati et al., 2017] 30.98 5.54 13.91 27.60 3.70 12.52 DynamicConv [Wu et al., 2019] 33.69 10.88 30.93
Aierraciive Methods Transformer [Vaswani et al., 2017] 36.62 11.18 33.06
PGN [See et al., 2017 40.08 1528 36.63
UNS [Shang et al., 2018] 37.86 7.84 13.72 31.73 5.14 14.50 Fast Abs[RL [Chen and Ban]sal, 2018] | 41.95 1806 39.23
PGN [See et al., 2017] 42.60 14.01 22.62 35.89 6.92 15.67 D-HUN Weng et ak; 20200 4203 1807 A0
Sentence-Gated [Goo and Chen, 2018] 49.29 19.31 24.82 3937 9.57 17.17 R
TopicSeg [Li et al., 2019a] 51.53 12.23 25.47 - - . DialoGPT [Zhang ef al., 2020d] 3977 1658 3842
TopicSeg+VFOA [Li et al., 2019a] 53.29 13.51 26.90 - - - “UniLM [D'd[rig etal,2019] : | 4785 2423 4667
HMNet [Zhu et al., 2020] 52.36 18.63 24.00 4597 10.14 18.54 ERAASHS | Zhang g al., AC08 A0 2728 4
PGN(D,.) [Feng et al., 2021] 50.91 1775 24.59 - - . SBART (Chen and Yang, 20211~~~ | 3070 2550 4808
DDAMS [Feng et al., 2020al 51.42 20.99 24.89 39.66 10.09 17.53 FROST [Narayan et al., 2021] 51.86 27.67 471.52
DDAMS+DDADA [Feng et al., 2020al 53.15 22.32 25.67 40.41 11.02 19.18 CoDn Wy esal, ggggang i | o 2 B
Pre-trained Language Model-based Methods BART(D4,, ) [Feng et al., 2021] 5370 2879 50.81
Longformer-BART [Fabbri et al., 2021] 54.81 20.83 25.98 43.40 12.19 19.29 B
Longformer—BART—arg [Fabbri et al., 2021] 55:27 20.89 24.94 44.51 11.80 19.19 [Gliwa ;,; al., 2019] dataset, where “R” is short for “‘ROUGE”. We
adopt reported results from published literatures [Gliwa et al., 2019;
Table 2: Leaderboard of meeting summarization task on AMI [Carletta et al., 2005] and ICSI [Janin et al., 2003] datasets. We adopt reported g:;{.“[’&ﬁgf la]n e o
: . : Rege ; g, 2020] are obtained via running the open-
results from published literatures [Feng et al., 2020a] and corresponding publications. The results of Longformer [Fabbri et al., 2021] are source code. The results of S-BART [Chen and Yang, 2021] are
obtained by evaluating the output files provided by the author. obtained by evaluating the output file provided by the author.

A Survey on Dialogue Summarization: Recent Advances and New Frontiers. 48
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e https://github.com/xcfcode/Summarization-Papers#dialogue

o BhE K IR Gt & AR
 https://github.com/microsoft/DialoglLM
o A E RN DI EARA

* https://github.com/microsoft/HMNet

49
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We're developing a remote control
which you probably already know.

A
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» X IERIETS XA —, A 4T 5o

H, REXERARRBRE—T

HESNENZ IR

& PTRERR R

OKOK

2/ j_‘ ST N

W, %5 5 16 K iF A B

BRI | FIL: AR AR B B ey
B TIRIBT, HEM LT B8 E (Dialogue Discourse-Aware Graph Convolutional "

Networks for Abstractive Meeting Summarization}) , X5REFINARREEIS, FAIUAME—T, EXHXENEXABES
BEFR? SFRMNEEBETLUE? £XRTR, TMECRTBESRIZOUNNER. ThEH!
BSENETE, REFMR!

Dear
Sorry for the late reply.
Our codes, models and outputs are available at: hitps://github.com/xcfcode/DDAMS

Best!

£22 0,

BR A

Wk b BT AR 2
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Summary Service Provider

€» English Service ®) Russian Service
@ Chinese Service € French Service

15

SHHEEE

English Dialogue
Elliot :1Ican't talk rn , I'm rly busy.
Elliot : Can I call u back in about 2 hours?
Jordan : Not really , I'm going to a funeral.
Jordan : I'll call you tonight , ok?
Elliot : Sure
Elliot : Whose funeral is it?
Jordan : My colleague's , Brad.
Jordan : I told you about him , he had a liver cancer.
Elliot :I'm so sorry man , I hope u're ok.
Elliot :I'l calluat 8 pm.
Generated Summaries (One-to-many)
Elliot can't talk because he's busy. Jordan is going to a
English | funeral for his colleague, Brad, who had a liver cancer.
Elliot will call him at & pm. [71.19-42.11-50.85]
Chinese | 77T E LB MALMFI SR . /8 T
R B 21 L8 L A T+ FHT | i 166.67-40.00-35.09]
Jzxopaan coOHpaeTcs Ha MOXOPOHBI CBOETO KOJLIETE
Russian | Bpaja, y Hero pax newein. iHoT IO3BOHAT
Joxopaana & 20: 00, [58.38-30.00-38.10)
Elliot ne peut pas parler parce qu'il est occupé.Jordan
French |va au funeral de son collégue Brad, qui a un cancer du
foie.Il appellera Elliot & 20 h. [68.97-42.86-55.17]
Arabi e ) S Gl e a3l 5 Lebia 55 S (A A 58 05300
FADIC 1 sl L0l delll i) o [57.78-27.91-31.11)
Elliot no puede hablar porque esta ocupado.Jordan va a
Spanish | "0 fgqeral d.e su coleg.:«l, Brad, que tuvo un céncer de
hepdtica. Eliot llamara a Jordan a las & p.m.
[60.71-29.63-39.29]

GupShup: Summarizing Open-Domain Code-Switched Conversations EMNLP 2021
MSAMSum: Towards Benchmarking Multi-lingual Dialogue Summarization ARR Nov

Leon: kya tujeh abhi tak naukari nahi mili?

Arthur: nahi bro, abhi bhi unemployed :D

Leon: hahaha, LIVING LIFE

Arthur: mujeh yeh bahot acha lagta hai, dopahar ko jagata hoon, sports
dekhta hoon - ek aadmi ko aur kya chahiye?

Leon: a paycheck? ;)

Arthur: mean mat bano ...

Leon: but seriously, mere dosth ke company mein ek junior project
manager offer hai, tujeh interest hai?

Arthur: sure thing, tere pass details hai?

Leon: <file_photo>

English Summary: Arthur is still unemployed. Leon sends him a job
offer for junior project manager position. Arthur is interested.

Table 1: Example of a code-switched Hi-En conversa-
tion and the corresponding En summary. l: En words,
M: transliterated Hi words, B language-agnostic
words such as named entities and punctuation marks
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Category 1 - Missing Information: The content
of the generated summary is incomplete compared
to the reference.

Example:

[Reference Summary] Williams invites
Ms. Blair for a coffee. They will go to her
Sfavourite coffee place near the square in
a side alley at 2 p.m.

[Model-Generated Summary] Ms. Blair
is going to a coffee place near the square
in a side alley.

Category 2 - Redundant Information: There is
redundant content in the generated summary com-
pared to the reference.

Example:

[Reference Summary] Paula helped
Charlotte with correct pronunciation of
"Natal Lily."

[Model-Generated Summary] Charlotte
asks Paula how to pronounce the name
of the plant "Natal Lily." Paula confirms
that the stress on the second syllable is

Category 3 - Circumstantial Error: Circumstan-

tial information (e.g., date, time, location) about

the predicate doesn’t match the reference.
Example:

[Reference Summary] The USA was
founded in 1776.

[Model-Generated Summary] The USA
was founded in 1767.

Category 4 - Wrong Reference Error: A pro-
noun is with an incorrect or nonexistent antecedent,
or a personal named entity in the generated sum-
mary is in the place of a different personal entity in
the reference.

Example:
[Reference Summary] Mohit asked Dar-
lene about the test.

[Model-Generated Summary] Darlene
asked Mohit about the test.

2nd.

Category 5 - Negation Error: This encompasses
factual errors resulting from missing or erroneous
negation in the generated summary compared to
the reference.

Example:

[Reference Summary] Justin likes books.

[Model-Generated Summary] Justin
does not like books.

Category 6 - Object Error: This covers factual
errors resulting from incorrect direct or indirect ob-
jects (for non-personal entities only; errors of this
nature involving personal entities are designated as
Wrong Reference Errors).

Example:

[Reference Summary] Tara raised her
glass.

[Model-Generated Summary] 7Zara

raised her spoon.

Category 7 - Tense Error: This encompasses fac-
tual errors resulting from discrepancies in gram-
matical tense between the generated summary and
the reference.

Example:

[Reference Summary] The children will
go to the library.

[Model-Generated Summary] The chil-
dren went to the library.

Category 8 - Modality Error: This includes fac-
tual errors resulting from modal discrepancies,
such getting words like "may", "should", "could"
wrong, between the generated summary and the
reference.

Example:
[Reference Summary] School may be
cancelled today.

[Model-Generated Summary] School is
cancelled today.

CONFIT: Toward Faithful Dialogue Summarization with Linguistically-Informed Contrastive Fine-tuning
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