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Participation and Q&A

e All tutorial slides are available at:

e 10-minute Q&A session after each half
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Two-Party Conversations

9:41

Ry One-on-one chat
o between 2 interlocutors

|

| had so much fun tonight T.

Thanks again for everything
you are the best.

for our picﬁic this weekend!
&

Omg, I've been meaning to
go thrifting for my look.

You still have some time
before the weekend

Deff, | don't wanna do this
last min.




Two-Party VS. Multi-Party Conversations

9:41

AFYWEENE One-on-one chat ——

show weekend?

between 2 interlocutors |

% |ets do this its been way
to long since we were all
together!

Whos down for a pregame

YES! | got the day off! Say
when and where?

Tk,

&) ! had so much fun tonight T.

Thanks again for everything
you are the best.

Hows about Old Town at 4?
we can get some grub *» and

for our icdic this weekend!
P then head over to the venue.

Omg, I've been meaning to
go thrifting for my look.

Yeah getting the band
back together! %2

You still have some time
before the weekend

&

Jacqueline and Ana what
about y'ali?

Deff, | don't wanna do this

Group chat
involving 3+ interlocutors




Two-Party VS. Multi-Party Conversations

9:41

One-on-one chat —

Q‘b show weekend?

between 2 interlocutors

% |ets do this its been way
to long since we were all
% together!

T
&) ! had so much fun tonight T.

Whos down for a pregame

e e Group chats appear
frequently in daily life!

YES! | got the day off! Say
when and where?

Hows about Old Town at 4?

we can get some grub *» and

then head over to the venue.
=]

for our picﬁic this weekend!
&

Omg, I've been meaning to

go thrifting for my look. Yeah getting the band

back together! %2
You still have some time

before the weekend

Jacqueline and Ana what

Deff, | don't wanna do this about y'ali?

Group chat
involving 3+ interlocutors




Research Trend on Multi-Party Conversation
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Why Multi-Party Conversations (MPC)?

Many scenarios involve MPC and require capabilities beyond two-party
conversations, e.g., turn-taking, discourse parsing and disentanglement

Joining for coffee at a cafe

[Abigail] : Hey Klaus, mind if
I join you for coffee?
[Klaus]: Not at all, Abigail.
How are you?

Group Chat Meeting Agent Simulacra



Graphical MPC is Complicated

L e | — ——— ——— — — —— —— — — — —

Utterances in a two-party
conversation are posted
one by one between two
interlocutors, constituting a
sequential information flow

{ ) :Interlocutors

. Utterances



Graphical MPC is Complicated

L e | — ——— ——— — — —— —— — — — —

Utterances in a two-party
conversation are posted
one by one between two
interlocutors, constituting a
sequential information flow

{ ) :Interlocutors

|

|

|

|
- —— 5> — -

4__

Utterances in a multi-party
conversation can be spoken by
anyone and address anyone
else, constituting a graphical
information flow

. Utterances



Challenges (1): WHO Speaks

Model the coordination strategies that speakers adopt to acquire or
give up the floor, so that an ongoing conversation can go on smoothly
(Hawes et al., 2009; Pinhanez et al., 2018; de Bayser et al., 2019)

= Speaker | Adiressee | Uteronce

User 1 - | have a problem when | install ...
Agent User 1 Did you set initial params?
User 2 User 1 Show the error message, and ...
User 1 Agent How?
User 1 User 2 OK, just a moment!

[ Who speak? |

Should the agent take
the floor to speak or
not?



Challenges (2): Address WHOM

Understand conversation semantics for the behavior whereby
interlocutors indicate to whom they are speaking (Ouchi and Tsuboi,
2016; Le et al., 2019; Gu et al., 2021; Zhu et al., 2023)

S Speaker | Adoressee | Uteronce

User 1
Agent
User 2
User 1
User 1
Agent

User 1
User 1
Agent
User 2

[ To whom? ]

User 17
or
User 27

| have a problem when | install ...
Did you set initial params?

Show the error message, and ...
How?

OK, just a moment!

10



Challenges (3): Say WHAT

Return an appropriate response which follows the conversation
semantics, structures and topic transitions (Zhang et al., 2018; Wu et
al., 2020; Wang et al., 2020; Gu et al., 2022; Li et al., 2023)

S speater | Adoressee | Uteromce

User 1 - | have a problem when | install ...
Agent User 1 Did you set initial params?

User 2 User 1 Show the error message, and ...
User 1 Agent How?

User 1 User 2 OK, just a moment!

Agent User 1 [ Say what? |

See this URL: http://xxx
or
It’s already in OS



Challenges (3): Say WHAT

Return an appropriate response which follows the conversation
semantics, structures and topic transitions (Zhang et al., 2018; Wu et
al., 2020; Wang et al., 2020; Gu et al., 2022; Li et al., 2023)

S speater | Adoressee | Uteromce

User 1 - | have a problem when linstall ...
Agent User 1 Did you set initial params?

User 2 User 1 Show the error message, and ...
User 1 Agent How?

User 1 User 2 OK, just a moment!

Agent User 1 See this URL: http://xxx

11



Goals of Tutorial

* We will cover a number of key developments on multi-party
conversations (mostly 2018-2023)

v/ WHO speaks
¢/ address WHOM

v/ say WHAT /"ﬁ“\\

* This tutorial is cutting-edge, and we are still far from \_E? S
understanding how to best develop multi-party ,( \“““ ),

conversational Al: \ ‘Q\\Y‘.‘\

¢/ Taxonomies of existing research and key insights QQ‘E

¢/ Our perspectives on the current challenges & \_/
open problems



Schedule

Time Section __________________|Presenter

14:00—14:15
14:15—14:20
14:20—14:40
14:40—15:20
15:20—15:30

16:00—16:30
16:30—17:05
17:05—17:20
17:20—17:30

Section 1: Introduction
Section 2: Datasets
Section 3: Speaker Modeling
Section 4: Addressee Modeling
Q & A Session |

30 mins Coffee Break
Section 4: Addressee Modeling (cont’d)
Section 5: Response Modeling
Section 6: Challenges & Opportunities
Q & A Session |l

Zhen-Hua Ling
Jia-Chen Gu
Jia-Chen Gu
Jia-Chen Gu
All

Zhuosheng Zhang
Zhuosheng Zhang
Zhen-Hua Ling

All
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Section 2:
Datasets



Datasets

* Written corpora' online forums, such as Ubuntu, Reddit ...

QQ <>
@ B -—"
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Datasets

* Written corpora: online forums, such as Ubuntu, Reddit ...

* Spoken corpora:
v’ scripted refers to planned dialogue, such as TV and movie scripts
v/ Unscripted refers to spontaneous and unplanned dialogues, such as meeting

15



Written Corp

ord

N Toni Num. Num. Total Total Multi- Tasks
ame opie dialogues words Length Speakers  modal? asks
NPS Chat Corpus Aifpumyl 15 100M x  part-of-specch tagging,
chat dialogue act recognition
Ubuntu Dialogue Ubuntu OS speaker identification, discourse parsing,
930K 100M - - X " : .
Corpus Chatroom machine comprehension, response selection
Ubuntu Chat Ubuntu OS . :
Corpus Chatioom 10655 2B - - X language learning, POS tagging
machine reading comprehension,
Molweni Ubunir 05 10K 24K 200hrs S0P %
Chatroom dialogue . .
discourse parsing
Informal 5 per turn-taking, speaker identification,
MEC Corpuos chatroom 14 28K ) session = detecting influence & leadership, group behavior
Settlers of Catan Informall, 21 ) ) 2-6 % n}odelmg bargaml'ng, negotiation, tra('img fhalogue,
game-playing players risk-management in dialogue, action identification
Cards Corpus Informal., 1266 280K ) ) % goal-driven dialogue, e\./en.t
game-playing knowledge based questioning
: Informal 76M- discourse, cyberbully detection,
Reddit Corpns forum 84979 414M* B 221K Maybe exploring incel language
Reddit Domestic Abusive 19M- ; :
Abuse Corpurs forum 21333 303M - X language biases, detecting harassment
Internet Argument Political 11000 73M ) ) S summanzathn, rhetoric and sarcasm,
Corpus forum stance detection
Agreement in linguistic tracing of manipulations, dialog act
Wikipedia Talk Informal 822 110K - - X recognition, social act recognition,
Pages conflict detection, speaker identification
Agreement by constructive disagreement, sarcasm, ramor
Create Debaters Informal 10000 14M - B & classification, stance identification
; Informal dialogue act recognition, author
Twitier Corpos microblog L 12oM . ) x and topic identification, event discovery
UseNet Corpus Ir.lformal 47860 7B ) ) 52 modglmg apd analyzing text written on
microblog mobile devices

16
Khyati Mahajan, et al. On the Need for Thoughtful Data Collection for Multi-Party Dialogue: A Survey of Available Corpora and Collection Methods. SIGDIAL 2021.



Spoken Corpora

N: Toi Num. Num. Total Total Multi- Tasks
A ope dialogues words Length Speakers modal? e
Aggregated from various sources
British National " word sense disambiguation,
Corpus (BNC) dnform:l Bad 10M. illoe 23466 v morphological & syntactic analysis
CANCODE Informal - M 550 hrs* - X language learning, POS tagging
Collected in specialized environments
D64 Corpus Natural 2 70K+ 8 hrs 5 s Ivolementdstection, sudying:
silence and overlap in conversation
COSINE Natural 10 160K 42 hrs 3.69 per 7 recognition qf speech and speakers
session in noisy environments
|
<  IDIAP Wolf § 8-12 group performance in task-based
= Corpus Gome L S ¥l groups ¥ interaction, implicit communication
S
g P X s
Z  TEAMS corpus Game 116K M T T R B L ik ,
B personality identification & team dynamics
E Transcribed from pre-recorded media
6 COLT corpus Natural 100 500K 55 hrs 31 X teenage talk trends
122}
Z o . . . .
5  CrRD3 Gt 159 M . 7 7 chargcter action interactions in role
playing games
Aggregated from various sources
MICASE s 152 LM 200 hrs 1571 v male/female ad]ectlve use, academic dlscpurse
and vocabularies, English language learning
Collected in specialized environments
- r recognizing socio-economic roles, decision
AMI Mecting Formal 175 900K* 100 hrs 45 per v and action detection, summarization, dialogue
Corpus meeting ;
act tagging
: 3-10 per speaker overlap, summarization, speaker
ICSIMRDA Meetings 75 795K 72 hrs : v . P
meeting identification

Transcribed from pre-recorded media

Intelligence Squared Debates, « 3-5 per predictive models of debates, discourse
Debates predecided 108 LM 200ities| debate modeling
e CSPAE Polllllt:b, 200 M 220 hrs* 200+ speet.h style and geniler dllsllll(.‘.ll()nb, sl?eech .
<Et education variation between written and spoken corpora
= 5 p _
S CED (1560-1760) Mox ies, : 12M ) R early El’lgllSl‘f l_zmguage variations and
g formal changes over time
= 6.5 per
£ MediaSum Interview 463K 720M - S dialogue summarization
2 dialogue
9]
% INTERVIEW corpus Interview 105K 126.7M 10K 184K follow-up question generation
=]
Political 70 S per speaker identification, turn-taking,
0 =
Cafial9 Debates debates 43ibES debate conflict detection
Transcribed from pre-recorded media
Movie-DiC Movie 132K 6M . Lo Jipen
dialogues dialogue
P - turn taking, speaker identification,
g«l;'mell Movie . ,MOV © . 220K IM - 9035 emotional dialogue generation
ialogue Corpus dialogues
F‘l‘.“ scrlpls M?v1e 263K 16M 15_.00 276. pe: (information unavailable)
online series scripts scripts script*
. Movie 2-6 per
OpenSubtitles Subiities 337M 2.5G - script*
: = "
SubTle corpus Moyie 3.35M 20M olst! 2o
subtitles movies script™
Character Style Movie 862 2-6 per
from Film Corpus subtitles 151K F6M movies script®
American Soap ) TV 12M 100M } 10»12_ per
Opera Corpus dialogues script
24
&  TVD corpus IV 10K 600K : 26per
> dialogues script
o]
&
3.
%2 MELD v 1400 109K I 400
a dialogues hrs*
E turn taking, speaker identification,
% Serial Speakers . v 106K 682K 130 hrs 6 PerK emotional dialogue generation
S dialogues script*
w
MEISD : 1% 1000 SQK 22 hrs 4072
dialogues unique

17
Khyati Mahajan, et al. On the Need for Thoughtful Data Collection for Multi-Party Dialogue: A Survey of Available Corpora and Collection Methods. SIGDIAL 2021.



Ubuntu IRC

Text-based discussions on
posting specialized questions
and replying with solutions

[03:05] hehe yes. does Kubuntu have 'KPackage’?

=== delire found that to be an excellent interface to the apt suite in another
distribution.

=== E-bola [...@...] has joined #ubuntu

[03:06] does anyone know a consoleprog that scales jpegs fast and efficient?
[03:06] delire, yes

[03:06] BurgerMann, convert

=== E-bola [...@...] has left #ubuntu []

[03:06] BurgerMann: ImageMagick

[03:06] delire: BurgerMann, i used that to convert 100 of photos in one command

18

Jonathan K. Kummerfeld, et al. A Large-Scale Corpus for Conversation Disentanglement. ACL 2019.




Ubuntu IRC

Text-based discussions on
posting specialized questions
and replying with solutions

e conversation disentanglement (variation of
information, one-to-one overlap, and
exact match F_ for evaluating clusters)

[03:05] hehe yes. does Kubuntu have 'KPackage’?

=== delire found that to be an excellent interface to the apt suite in another
distribution.

=== E-bola [...@...] has joined #ubuntu

[03:06] does anyone know a consoleprog that scales jpegs fast and efficient?
[03:06] delire, yes

[03:06] BurgerMann, convert

=== E-bola [...@...] has left #ubuntu []

[03:06] BurgerMann: ImageMagick

[03:06] delire: BurgerMann, i used that to convert 100 of photos in one command

$
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[03:06] delire: BurgerMann, i used that to convert 100 of photos in one command

18

Jonathan K. Kummerfeld, et al. A Large-Scale Corpus for Conversation Disentanglement. ACL 2019.




Ubuntu IRC

Text-based discussions on
posting specialized questions
and replying with solutions

e conversation disentanglement (variation of
information, one-to-one overlap, and
exact match F_ for evaluating clusters)

» speaker identification (precision, accuracy)

[03:05] hehe yes. does Kubuntu have 'KPackage’?

=== delire found that to be an excellent interface to the apt suite in another
distribution.

=== E-bola [...@...] has joined #ubuntu

[03:06] does anyone know a consoleprog that scales jpegs fast and efficient?
[03:06] delire, yes

[03:06] BurgerMann, convert

=== E-bola [...@...] has left #ubuntu []
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$
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=== delire found that to be an excellent interface to the apt suite in another
distribution.

=== E-bola [...@...] has joined #ubuntu
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[03:06] delire, yes

[03:06] BurgerMann, convert

=== E-bola [...@...] has left #ubuntu []

[03:06] BurgerMann: ImageMagick

[03:06]|delire:|BurgerMann, i used that to convert 100 of photos in one command

18

Jonathan K. Kummerfeld, et al. A Large-Scale Corpus for Conversation Disentanglement. ACL 2019.




Ubuntu IRC

Text-based discussions on
posting specialized questions
and replying with solutions

e conversation disentanglement (variation of
information, one-to-one overlap, and
exact match F_ for evaluating clusters)

» speaker identification (precision, accuracy)

* addressee recognition (precision,
accuracy)

[03:05] hehe yes. does Kubuntu have 'KPackage’?

=== delire found that to be an excellent interface to the apt suite in another
distribution.

=== E-bola [...@...] has joined #ubuntu

[03:06] does anyone know a consoleprog that scales jpegs fast and efficient?
[03:06] delire, yes
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distribution.
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18

Jonathan K. Kummerfeld, et al. A Large-Scale Corpus for Conversation Disentanglement. ACL 2019.




Ubuntu IRC

Text-based discussions on
posting specialized questions
and replying with solutions

e conversation disentanglement (variation of
information, one-to-one overlap, and
exact match F_ for evaluating clusters)

» speaker identification (precision, accuracy)

* addressee recognition (precision,

accuracy)
* response generation (auto e.g., BLEU and

ROUGE, and human evaluations e.g.,
relevance and informativeness)

[03:05] hehe yes. does Kubuntu have 'KPackage’?

=== delire found that to be an excellent interface to the apt suite in another
distribution.

=== E-bola [...@...] has joined #ubuntu

[03:06] does anyone know a consoleprog that scales jpegs fast and efficient?
[03:06] delire, yes

[03:06] BurgerMann, convert

=== E-bola [...@...] has left #ubuntu []

[03:06] BurgerMann: ImageMagick

[03:06] delire: BurgerMann, i used that to convert 100 of photos in one command
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distribution.
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[03:06] delire, yes
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=== E-bola [...@...] has left #ubuntu []
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18

Jonathan K. Kummerfeld, et al. A Large-Scale Corpus for Conversation Disentanglement. ACL 2019.




MELD

* Multi-modal conversations from the TV show Friends (video, audio,

text)
* Emotion recognition (anger, disgust, fear, joy, neutral, sadness, surprise)

* Sentiment recognition (positive, n@tive, neutral) __ Metric; F-score
) (Positive)

Utterance: “Becorme a drama criti 4
(Neutral) (Neutral) (Negative)

Emotion: /o) SONIMBRLEE POSIHITE = = 3 = 00 cccccsicmmmmmesmmms s s o s s s e s e o o S 521 S o 5 e 5 54 50 0 51 5 o 4 5 i 2
: I . 5) What about the
' 1) You Illlkeldkltg Ygu 3) Whlct|1 gart )s cene withuthe 7) You fell asleep!
. . really liked it? exactly?
Text Audio Visual kangaroo?

Ambiguous = Joyous tone ' Smiling Face

Utterance: “Great, now he is waving back”

Dialogue
Chandler
.
\
’
!

Emotion: Disgust Sentiment: Negative

. 6) | was surprised to , !
2) Oh, yeah! 4 ngrrvxgl:;glng! see a kangaroo in a 8},30;;30’ |
Text Audio Visual e - womdwareple, T o
Positive/Joy  Flat tone Frown Emotion Joy Neutral Surprise Sadness
(Sentiment) : (Positive) (Neutral) (Negative) (Negative)
19

Soujanya Poria, et al. MELD: A Multimodal Multi-Party Dataset for Emotion Recognition in Conversations. ACL



Challenges of Data Collection

* Informative metadata to (speaker, addressee,
observer) within and across (if possible) dialogues



Challenges of Data Collection

* Informative metadata to (speaker, addressee,
observer) within and across (if possible) dialogues

* Balanced Interlocutors in terms of various , SO as
to not preferentially model any specific type of language

20



Challenges of Data Collection

* Informative metadata to track interlocutors (speaker, addressee,
observer) within and across (if possible) dialogues

* Balanced Interlocutors in terms of various demographic factors, so as
to not preferentially model any specific type of language

* High quality text to prevent noise from drowning out important
signals, particularly for data scraped from the web

20



Challenges of Data Collection

* Informative metadata to track interlocutors (speaker, addressee,
observer) within and across (if possible) dialogues

* Balanced Interlocutors in terms of various demographic factors, so as
to not preferentially model any specific type of language

* High quality text to prevent noise from drowning out important
signals, particularly for data scraped from the web

* Privacy protection to avoid leaking personally identifiable
information, especially for multi-modal corpora

20



Challenges of Data Collection

* Informative metadata to track interlocutors (speaker, addressee,
observer) within and across (if possible) dialogues

* Balanced Interlocutors in terms of various demographic factors, so as
to not preferentially model any specific type of language

* High quality text to prevent noise from drowning out important
signals, particularly for data scraped from the web

* Privacy protection to avoid leaking personally identifiable
information, especially for multi-modal corpora

Refer detailed dataset taxonomy to

On the Need for Thoughtful Data Collection for Multi-Party Dialogue: A
Survey of Available Corpora and Collection Methods (SIGDIAL 2021) .
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jon

Pre-trained or Auxiliary -
Self-supe

Sequential or Graphical
Information Flow

peaker Modeling
Addressee Modeling
Response Modeling

Overview

21



Section 3:
Speaker Modeling



Representative Tasks

* Turn-taking is the process in which a participant in a conversation
determines when it is appropriate to make an utterance and how that
is accomplished



Turn-taking

Hybrid of (a) maximum likelihood estimation (MLE) which encodes only
the agent interaction order, and (b) agent-and-content CNN formats the
previous utterances and the agent names as raw texts to predict the

next speaker

T I MLE-based
e i Turn-Takin
= Dialog 8
Com— Manager Decision
. ‘.,,,,:“; o
— CNN-based L Gl
Turn-Taking
FSA-based
) <
Turn-Taking

St4+1 = E(Q’J(t -+ 1))|£ €L

L(x(t+ 1)) = <

travel _bot

'K(a:l(t -+ 1))
E(xz(t -+ 1))

if C1 >= k1
if Cy < k1
and Co >= ko

otherwise

24

Maira Gatti de Bayser, et al. A Hybrid Solution to Learn Turn-Taking in Multi-Party Service-based Chat Groups. 2020.



Representative Tasks

* Speaker segmentation, also known as speaker diarisation aims at
finding speaker changing points in a conversation

25



Speaker Segmentation

* Binary utterance-pair classification to judge whether the speaker is
changing before and after a point based on the semantics discrepancy

(b) Content modeling of | Speaker 1 Speaker 2 Speaker 3

candidate speakers | —— — R
P — R e
—_— —_ e
(@) Current
*Select a speaker for ™ Gerancew e ‘ __________________ ¢ e
Em—
— (d) Gating or
dain M PC Seg me nt : Content interpolating
given the speaker 1 oo o gy Vime
I B prediction
i R i Temporal
Can d I d ates i information Il.
'------‘-~"“.~_ """"""""" ' —>» Sentence RNN
‘ . . . ' » |nter-sentence
- i Speaker 1 Speaker 2 Speaker 3 RNN
© IandF;g;?cla ;?gﬁg:g Of§ (Nearest) (2" nearest) (3“nearest) i il Sofém?x
e AT A S At i prediction

Zhao Meng, et al. Hierarchical RNN with static sentence-level attention for text-based speaker change detection. CIKM 2017.
26

Zhao Meng, et al. Towards neural speaker modeling in multi-party conversation: The task, dataset, and models. LREC 2018.



Representative Tasks

* Speaker identification in novels is tasked to determine that who says a
guote in a given context by text analysis

27



Speaker Identification in Novels

Score of candidate ;ERT
. Runye

* Formulate identification as a scoring task s
* Candidate scoring network based on BERT U
encode candidate-specific segments to —
eliminate redundant context e Frichidis
- . s \ 2
* Post-revision based on the speaker alternation o
pattern in two-party dialogues -y

SErtE): | CERE?
! “Does it matter?”

Runye asked.

Candidate-specific segment

Yue Chen, et al. A neural-network-based approach to identifying speakers in novels. INTERSPEECH 2021.
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Representative Tasks

* Utterance speaker search aims at searching for a speaker in the
conversation history that shares the same speaker with the target
utterance

29



Utterance Speaker Search

Pretrain BERT with five self-supervision tasks, designed to model the
underlying interlocutor structure and utterance semantics, which can
be further effectively generalized to multiple MPC downstream tasks

(a) Reply-to Utterance Recognition (b) Identical Speaker Searching (c) Pointer Consistency Distinction

| Classifier

T
| ;" ‘ | ujr iJ | ui-fl‘" | uifo| ‘UN""| ‘ uj.i35| ‘ ujss | ‘ ui-i53| | ujiss | | uNissl |uj.pCd‘ lujPCd| |ui.PCd‘ luiPCd| | uNpCdl
T

| |
| |
| |
| |
| |
| |
| |
| |
Non-linear Transformation | Non-linear Transformation ‘ I ‘ Non-linear Transformation ‘
+ Layer Normalization : + Layer Normalization : + Layer Normalization

motsn ) || vaeomsimen )1

f t f t

Output ... Epg Euj ... Epcig Eylj .+ EpcLg Euy ..« Epig Eui ... EpcLg Eun Ejsep)

‘ Pre-trained Language Model (BERT) ’

Segment
Embeddings -~
Positon
Embeddings
Speaker
Embeddings "

Toki
Embedaings " NN I - I I - -i - | - I

Input v [CLS] Uy .o [CLS] y; ... [CLS] U ... [CLS] Ui .o [CLS] Un [SEP]

30
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MPC-BERT: Model Overview

A [CLS] token is inserted at the start of each utterance
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MPC-BERT: Model Overview

* A [CLS] token is inserted at the start of each utterance

t t t t t
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MPC-BERT: Model Overview

* A [CLS] token is inserted at the start of each utterance

* Position-based speaker embeddings (Gu et al., 2020) are introduced

considering that interlocutors are inconsistent in different conversations
i ) t i i
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MPC-BERT: Interlocutor Structure Modeling

* Extract the representations for each [CLS] token representing utterances

(a) Reply-to Utterance Recognition (b) Identical Speaker Searching (c) Pointer Consistency Distinction
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MPC-BERT: Interlocutor Structure Modeling

* Extract the representations for each [CLS] token representing utterances

* Task-dependent non-linear transformations are placed on top of BERT
for three self-supervised tasks

(a) Reply-to Utterance Recognition (b) Identical Speaker Searching (c) Pointer Consistency Distinction

‘ Classifier

"
e T e [0 ] e [0 e [ e []
A

v [0P%9] s [uped] oo [uPed] o [uped] o [upPd]

o [upss] o ufse] ...IL:i.iSS| Ui ] fuyse]

‘ Non-linear Transformation ’

Non-linear Transformation
+ Layer Normalization

+ Layer Normalization + Layer Normalization

|

|

|

|

|

|

|

|

[ [
Non-linear Transformation ’ :
|

Nl

——————— —l=———
1 & i t
OUtpUt wee E[CLS] EUJ" .ee E[CLS] EU_i aee E[CLS] EU_i' "es E[c[_s] EU_i e E[c]_s] EU_N E[SEP]
{ Pre-trained Language Model (BERT) |

32



MPC-BERT: Interlocutor Structure Modeling

* Extract the representations for each [CLS] token representing utterances

* Task-dependent non-linear transformations are placed on top of BERT
for three self-supervised tasks

* Encoding the input data only once is computation-efficient

(a) Reply-to Utterance Recognition (b) Identical Speaker Searching (c) Pointer Consistency Distinction
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MPC-BERT: Interlocutor Structure Modeling

* Extract the representations for each [CLS] token representing utterances

* Task-dependent non-linear transformations are placed on top of BERT
for three self-supervised tasks

* Encoding the input data only once is computation-efficient

(a) Reply-to Utterance Recognition (b) Identical Speaker Searching (c) Pointer Consistency Distinction
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Utterance semantics modeling part will be covered in Section 2



Reply-to Utterance Recognition

* Motivation: learn which preceding utterance the current utterance

replies to

(a) Reply-to Utterance Recognition

(b) Identical Speaker Searching (c) Pointer Consistency Distinction
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Reply-to Utterance Recognition

* Motivation: learn which preceding utterance the current utterance
replies to

* Implementation: calculate the matching scores with all its preceding
utterances for a target utterance

(a) Reply-to Utterance Recognition (c) Pointer Consistency Distinction
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ldentical Speaker Searching

* Motivation: reformulate as searching for the utterances sharing the
identical speaker, since interlocutors varies across conversations

(a) Reply-to Utterance Recognition (b) Identical Speaker Searching (c) Pointer Consistency Distinction
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ldentical Speaker Searching

* Motivation: reformulate as searching for the utterances sharing the
identical speaker, since interlocutors varies across conversations

*Implementation: mask the speaker embedding of a target utterance,
and calculate the probability of utterances sharing the same speaker

(a) Reply-to Utterance Recognition (b) Identical Speaker Searching (c) Pointer Consistency Distinction
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Pointer Consistency Distinction

* Definition: a speaker-to-addressee pointer is expressed as a pair of
utterances representing the “reply-to” relationship

35



Pointer Consistency Distinction

* Definition: a speaker-to-addressee pointer is expressed as a pair of
utterances representing the “reply-to” relationship

* Assumption: the representations of two pointers directing from the
same speaker to the same addressee should be consistent

35



Pointer Consistency Distinction

* Implementation : a) capture the pointer information contained in

each utterance pair

(a) Reply-to Utterance Recognition

(b) Identical Speaker Searching

(c) Pointer Consistency Distinction
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Pointer Consistency Distinction

* Implementation : a) capture the pointer information contained in
each utterance pair

b) sample a consistent pointer and an inconsistent one from this
conversation, and calculate similarities between every two pointers

(a) Reply-to Utterance Recognition (b) Identical Speaker Searching (c) Pointer Consistency Distinction
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Results

* Metric: Precision@1 (P@1)

* Performance: MPC-BERT outperforms SA-BERT by margins of 7.66%,
2.60%, 3.38% and 4.24% respectively in terms of P@1

* Ablation: ISS and RUR contribute the most

Hu et al. (2019) | Ouchi and Tsuboi (2016)
Len-5 | Len-10 | Len-15
BERT (Devlin et al., 2019) 71.81 62.24 | 53.17 51.58
SA-BERT (Gu et al., 2020a) 75.88 64.96 | 57.62 54.28
MPC-BERT 83.54 67.56 | 61.00 58.52
MPC-BERT w/o. RUR 82.48 66.88 | 60.12 5133
MPC-BERT w/o. ISS 77.95 66.77 | 60.03 56.73
MPC-BERT w/o. PCD 83.39 67.12 | 60.62 58.00
MPC-BERT w/o. MSUR 83.51 67.21 | 60.76 58.03
MPC-BERT w/o. SND 83.47 67.04 | 60.44 58.12

Table 4: Evaluation results of speaker identification on the test sets in terms of P@1. Numbers in bold denote that
the improvement over the best performing baseline is statistically significant (t-test with p-value < 0.05).



Section 4.
Addressee Modeling



Representative Tasks

* Addressee recognition is tasked to directly recognize the addressee of
target utterances given the interlocutor set in this conversation
(explicit addressee modeling)
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Addressee Recognition

Speaker Utterance Addressee
User 1 ”Good point, tmux is the thing I miss.” B
User 1 ”Cool thanks for ur help.” @User 4 User 4
User 2 ”Ahha, you r using something like cpanel.” -
User 3 ”Yeah 1.4.0 exactly.” QUser 2 User 2
User 4 ’my pleasure :)” —

40



Addressee Recognition

Speaker Utterance Addressee
User 1 ”Good point, tmux is the thing I miss.” | B
User 1 ”Cool thanks for ur help.” @User 4 User 4
User 2 ”Ahha, you r using something like cpanel.” || -
User 3 ”Yeah 1.4.0 exactly.” QUser 2 User 2
User 4 ’my pleasure :)” | —

Not all the addressees are specified!



Addressee Recognition
Speaker Utterance Addressee
User 1 ”Good point, tmux is the thing I miss.” | — |
User 1 ”Cool thanks for ur help.” @User 4 User 4
User 2 ”Ahha, you r using something like cpanel.” || — |
User 3 ”Yeah 1.4.0 exactly.” QUser 2 User 2
User 4 ’my pleasure :)” | — |

Not all the addressees are specified!

* Target at only the last utterance: Ouchi and Tsuboi (2016); Zhang et al.

(2018); Gu et al.

(2023); Zhu et al. (2023)
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Addressee Recognition

Speaker Utterance Addressee
User 1 ”Good point, tmux is the thing I miss.” | B |
User 1 ”Cool thanks for ur help.” @User 4 User 4
User 2 ”Ahha, you r using something like cpanel.” || - |
User 3 ”Yeah 1.4.0 exactly.” QUser 2 User 2
User 4 ’my pleasure :)” | — |

Not all the addressees are specified!

* Target at only the last utterance: Ouchi and Tsuboi (2016); Zhang et al.
(2018); Gu et al. (2023); Zhu et al. (2023)

* Target at all utterances where the addressees are missing: Le et al.
(2019); Gu et al. (2021)

40



Dynamic RNN

The agent representation changes along with each time step

Ouchi and Tsuboi. Addressee and Response Selection for Multi-Party Conversation. EMNLP 2016.
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Dynamic RNN

The agent representation changes along with each time step

t=0 t=1 t=2 .. t=T
a,-0 {8, {8, LAy The states of the agents that
u, | [u, u, \ * are speaking at the time are
a, -0 a, la, - a,dh updated by consuming the
’ i i i
| [, u. utterance vector
a,,=0 Ay Ayviy o Ayt fnax
f f f pooling
Uy Uy, Uy 7
a, = agent hidden state u,, = utterance hidden state

Ouchi and Tsuboi. Addressee and Response Selection for Multi-Party Conversation. EMNLP 2016.
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Dynamic RNN

The agent representation changes along with each time step

t=0 t=1 t=2 ... t=T
a,-0 {8, {8, LAy The states of the agents that
u, | [u, u, \ * are speaking at the time are
a, -0 a, la, - a,dh updated by consuming the
’ L r i
u,, | [, u,, utterance vector
: e are not speaking at the time are
a,,—=0 a a a max
" i ML ooling updated by zero vectors
Uy, Uy Uy r
a, = agent hidden state u,, = utterance hidden state

Ouchi and Tsuboi. Addressee and Response Selection for Multi-Party Conversation. EMNLP 2016.
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Speaker Interaction RNN

Interlocutors play different roles (sender, addressee, observer) which
vary across turns

Rui Zhang, et al. Addressee and Response Selection in Multi-Party Conversations with Speaker Interaction RNNs. AAAI



Speaker Interaction RNN

Interlocutors play different roles (sender, addressee, observer) which
vary across turns [] update interlocutor embeddings role-sensitively

Rui Zhang, et al. Addressee and Response Selection in Multi-Party Conversations with Speaker Interaction RNNs. AAAI



Speaker Interaction RNN

Interlocutors play different roles (sender, addressee, observer) which
vary across turns [] update interlocutor embeddings role-sensitively

(a2,01,uV) (a1, 03, u®) (a3, a2, u) The same interlocutor embedding
a) = 0— ai” gl af) 1 af) table is updated in different units
a2l w@ Al ) T depending on the role
af —o—f a)) = a’ — ) © e ©IGRUS for sender
uﬂfag@ u4<2> u(?’fagf) " o |GRU” for addressee
ay =0— ay) — a — a * GRU® for observer
A u<2>fa<11> u(sfa;m

42
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Who-to-Whom

ldentify all the missing addressees in a conversation session and model
interlocutors and utterances jointly and interactively

43
Ran Le, et al. Who Is Speaking to Whom? Learning to Identify Utterance Addressee in Multi-Party Conversations. EMNLP 2019.



Who-to-Whom

ldentify all the missing addressees in a conversation session and model
interlocutors and utterances jointly and interactively

User
Forward R ion Backward ’ H
= _ TR * Track users’ states with utterance
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43

Ran Le, et al. Who Is Speaking to Whom? Learning to Identify Utterance Addressee in Multi-Party Conversations. EMNLP 2019.



Who-to-Whom

ldentify all the missing addressees in a conversation session and model
interlocutors and utterances jointly and interactively

rorward e Bt o Track users’ states with utterance

T - 1 1 N

aj) aly) @) ‘@ N B . .
U e E—— embeddings (DRNN, SI-RNN), i.e.,

s {m—E—{—F utterance -> user
A (i’ ag) ) (u2,a) ) s ) E*_— .
i 5 = B * Fuse users’ states into the
AT R e _ utterance embeddings, i.e.,
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43
Ran Le, et al. Who Is Speaking to Whom? Learning to Identify Utterance Addressee in Multi-Party Conversations. EMNLP 2019.



MPC-BERT

* |dentical speaker searching: to searching for the utterances sharing
the identical speaker

* Reply-to utterance recognition: to learn which preceding utterance
the current utterance replies to

* Pointer consistency distinction: a @ —————————————— )

speaker-to-addressee pointer is | i
defined. Assume that . | :

- : L Ur o U e U Y,
representations of pointers directing X ; -
from the same speaker to the same | E
addressee should be consistent @ ______________ !

Discussed in Section 3!

44
Jia-Chen Gu, et al. MPC-BERT: A Pre-Trained Language Model for Multi-Party Conversation Understanding. ACL




RARM

Focus on robust addressee recognition, where the noise perturbations
are semantically complete, but are not intended for the conversation

User Utterance Add.
user 1|l have a problem with videos.. frames so slow ...
EWhat is your favorite food ? . ] ]
user 2[Just Divx videos off the net i assume ? ... User 1
user 3l fear that i can't identify because i forgot ... User 2
user 2| There're admins here that can help you ... User 3
[N . ' User
Noise |What is your favorite food ?
12,27?,82

45
Pengcheng Zhu, et al. Robust Learning for Multi-party Addressee Recognition with Discrete Addressee Codebook. ACL



RARM

Focus on robust addressee recognition, where the noise perturbations
are semantically complete, but are not intended for the conversation

Addressee Codebook

User Utterance Add.
user 1|l have a problem with videos.. frames so slow ...

EWhat is your favorite food ? . ] ]
user 2[Just Divx videos off the net i assume ? ... User 1

user 3l fear that i can't identify because i forgot ... User 2 q.C
=== | Encoder
user 2| There're admins here that can help you ... User 3
[ . . User
Noise |What is your favorite food ?
12,27?,82

Discretize addressees into a codebook with VQ-VAE to solve the issue
of unknown number of addressees in noisy environment

45
Pengcheng Zhu, et al. Robust Learning for Multi-party Addressee Recognition with Discrete Addressee Codebook. ACL



GIFT

* Motivation: the full and equivalent connections among utterance

tokens ignore the sparse but distinctive dependency of one utterance
on another

o

q+1 )-th Layer []

I-th Layer [

Transformer-based LMs

~

Regular full and
equivalent encoding

Jia-Chen Gu, et al. GIFT: Graph-Induced Fine-Tuning for Multi-Party Conversation Understanding. ACL 2023.
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GIFT

* Motivation: the full and equivalent connections among utterance
tokens ignore the sparse but distinctive dependency of one utterance
on another

q+1)—th Layer LI \
< Regular full and
equivalent encoding
I-th Layer [
k Transformer-based LMs /

* Mlethodology: to distinguish different utterance relationships for
modeling the inherent MPC graph structure via graph-induced
fine-tuning

46
Jia-Chen Gu, et al. GIFT: Graph-Induced Fine-Tuning for Multi-Party Conversation Understanding. ACL 2023.



GIFT Graph Topology

. reply-to, replied-by, reply-self and indirect-reply
are designed to distinguish different relationships between utterances

(a) A Graphical Information
Flow of an MPC

(b) Reply Relationships in a
Graph Structure for U;

£ Us i j U6
' ()
|
J, Us Us — Uy i :r _________ l-is 1 Ug L|J7
+
LU 1 U, CLUs] [ |':_'::::]“““l
It Us |-/ Us i Us | [ Us
[—»:reply—toj i : reply-to : reply-self 1
: — : replied-by ——» :indirect-reply
|
!
|
|

* Rectangles (| U |) denote utterances, and solid lines (—) represent
the “reply" relationship between two utterances




Graph-Induced Signals Integration

* Integrated in the attention mechanism by utilizing

edge-type-dependent parameters to refine the attention weights
T
Atten(q, k,v) = Softmax(qb(eq,v)ﬁ)v

Vd
where €., € {reply-to, replied-by, reply-self, indirect-reply}
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Graph-Induced Signals Integration

* Integrated in the attention mechanism by utilizing
edge-type-dependent parameters to refine the attention weights
T
Atten(q, k,v) = Softmax(qb(eq,v)ﬁ)v

Vd
where €., € {reply-to, replied-by, reply-self, indirect-reply}

: what the current utterance should be like given the prior
utterance it replies to
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Graph-Induced Signals Integration

* Integrated in the attention mechanism by utilizing
edge-type-dependent parameters to refine the attention weights
T
Atten(q, k,v) = Softmax(qb(eq,v)ﬁ)v

d
where e, € {reply-to, replied-by, reply-self, i\/@irect-reply}
: what the current utterance should be like given the prior
utterance it replies to
: how the posterior utterances amend the modeling of the
current utterance
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Graph-Induced Signals Integration

* Integrated in the attention mechanism by utilizing
edge-type-dependent parameters to refine the attention weights
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where €., € {reply-to, replied-by, reply-self, indirect-reply}

: what the current utterance should be like given the prior
utterance it replies to

: how the posterior utterances amend the modeling of the
current utterance

: how much of the original semantics should be kept
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Graph-Induced Signals Integration

* Integrated in the attention mechanism by utilizing
edge-type-dependent parameters to refine the attention weights
T
Atten(q, k,v) = Softmax(qb(eq,v)ﬁ)v

Vd
where €., € {reply-to, replied-by, reply-self, indirect-reply}

: what the current utterance should be like given the prior
utterance it replies to

: how the posterior utterances amend the modeling of the
current utterance

: how much of the original semantics should be kept
: connhect the rest of the utterances for contextualization

48



GIFT Overview

Input data following MPC-BERT that (1) inserts [CLS] tokens at the start
of each utterance, and (2) introduces position-based speaker
embeddings to distinguish the speakers of utterances

Output

Layer (VE aee Un f . UN
U4 U, Us Uy Us Us Uz Ug

I Byers :reply-to  —— :reply-self

of PLMs /’N — :replied-by —— : indirect-reply
U1 Uz U3 U4 U5 Us U7 US

Tok *
Embedaings NI - I N - I I
+

Segment

Embeddings
+

Position

Embeddings
<+
Speaker

Embeddings

Input [CLS] U, ... [CLS] Un ... [CLS] Uy [SEP]
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Why These Edges Work?

* Consider both semantic similarity and structural relationships
between two utterance tokens

* Distinguish different relationships between utterances, and model
utterance dependency following the graph-induced topology for
better contextualized encoding

* Characterize fine-grained interactions during LM internal encoding
 Reflect graphical conversation structure and flow in Transformer

50



Results: Addressee Recognition

GIFT improves BERT by margins of 2.92%, 2.73%, 5.75% and 5.08% on
these test sets respectively in terms of Precision (P@1)

Hu et al. (2019) | Ouchi and Tsuboi (2016)
Len-5 | Len-10 | Len-15
Preceding (Le et al., 2019) - 5573 | 55.63 | 55.62
SRNN (Ouchi and Tsuboi, 2016) . 60.26 | 60.66 | 60.98
SHRNN (Serban et al., 2016) - 6224 | 64.86 | 65.89
DRNN (Ouchi and Tsuboi, 2016) - 63.28 | 66.70 68.41
SIRNN (Zhang et al., 2018) - 72.59 | 77.13 | 78.53.
BERT (Devlin et al., 2019) 82.88 80.22 | 75.32 | 74.03
SA-BERT (Gu et al., 2020) 86.98 81.99 | 7827 | 76.84
MPC-BERT (Gu et al., 2021) 89.54 84.21 | 80.67 | 78.98
BERT w/ GIFT 85.807 82.95" | 81.07F | 79.117
SA-BERT w/ GIFT 88.301 84.4917 | 82.537 | 82.65%
MPC-BERT w/ GIFT 90.18 85.857 | 84.137 | 83.611




Results: Addressee Recognition

GIFT improves BERT by margins of 2.92%, 2.73%, 5.75% and 5.08% on
these test sets respectively in terms of Precision (P@1)
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Results: Addressee Recognition

GIFT improves BERT by margins of 2.92%, 2.73%, 5.75% and 5.08% on

these test sets respectively in terms of Precision (P@1)

Improves SA-BERT
by margins of
1.32%, 2.50%,
4.26% and 5.22%
respectively

Hu et al. (2019) | Ouchi and Tsuboi (2016)
Len-5 | Len-10 | Len-15

Preceding (Le et al., 2019) 5573 | 55.63 | 55.62
SRNN (Ouchi and Tsuboi, 2016) 60.26 | 60.66 | 60.98
SHRNN (Serban et al., 2016) 6224 | 64.86 | 65.89
DRNN (Ouchi and Tsuboi, 2016) 63.28 | 66.70 68.41
SIRNN (Zhang et al., 2018) - 72.59 | 77.13 | 78.53.
BERT (Devlin et al., 2019) 82.88 80.22 | 75.32 | 74.03
SA-BERT (Gu et al., 2020) 86.98 81.99 | 7827 | 76.84
MPC-BERT (Gu et al., 2021) 89.54 84.21 | 80.67 | 78.98
BERT w/ GIFT 85.807 82.95" | 81.07F | 79.117
SA-BERT w/ GIFT 88.307 84.497 | 82.53T | 82.657
MPC-BERT w/ GIFT 90.18 85.85" | 84.137 | 83.611
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Results: Addressee Recognition

GIFT improves BERT by margins of 2.92%, 2.73%, 5.75% and 5.08% on
these test sets respectively in terms of Precision (P@1)

Improves SA-BERT
by margins of
1.32%, 2.50%,
4.26% and 5.22%
respectively

Hu et al. (2019) | Ouchi and Tsuboi (2016)
Len-5 | Len-10 | Len-15 .

Preceding (Le et al., 2019) 5573 | 5563 | 55.62 IMpProves MPC-BERT
SRNN (Ouchi and Tsuboi, 2016) 60.26 | 60.66 | 60.98 .
SHRNN (Serban et al., 2016) 6224 | 64.86 | 65.89 by Margins of
DRNN (Ouchi and Tsuboi, 2016) 63.28 | 66.70 68.41 0 0
SIRNN (Zhang et al., 2018) - 72.59 77.13 78.53. 064 A’; 164%’)
BERT (Devlin et al., 2019) 82.88 80.22 | 75.32 | 74.03 0 0
SA-BERT (Gu et al., 2020) 86.98 81.99 | 78.27 | 76.84 3.46% and 4.63%
MPC-BERT (Gu et al., 2021) 89.54 84.21 | 80.67 | 78.98 .
BERT w/ GIFT 85.80" 82.95" | 81.07F | 79.117 res peCtlve Iy
SA-BERT w/ GIFT 88.30" 84.4917 | 82.537 | 82.65%
MPC-BERT w/ GIFT 90.18 85.85" | 84.13" | 83.61' |
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Results: Speaker Identification

GIFT improves BERT by margins of 13.71%, 27.50%, 29.14% and 28.82%
on these test sets respectively in terms of P@1

Hu et al. (2019) | Ouchi and Tsuboi (2016)
Len-5 | Len-10 | Len-15

BERT (Devlin et al., 2019) 71.81 62.24 | 53.17 | 51.58
SA-BERT (Gu et al., 2020) 75.88 64.96 | 57.62 | 54.28
MPC-BERT (Gu et al., 2021) 83.54 67.56 | 61.00 | 58.52
BERT w/ GIFT 85.521 89.747 | 82.317 | 80.407
SA-BERT w/ GIFT 88.021 90.017 | 82.76T | 80.87f
MPC-BERT w/ GIFT 90.50" 90.61" | 84.127 | 81.51f

Surprisingly effective for speaker identification! 52
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Results: Speaker Identification

GIFT improves BERT by margins of 13.71%, 27.50%, 29.14% and 28.82%
on these test sets respectively in terms of P@1
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Results: Speaker Identification

GIFT improves BERT by margins of 13.71%, 27.50%, 29.14% and 28.82%
on these test sets respectively in terms of P@1

. Hu et al. (2019) | Ouchi and Tsuboi (2016) .
Improves SA-BERT Lens5 | Len-10 | Lenc15  IMpProves
: BERT (Devlin et al., 2019) 71.81 62.24 | 53.17 | 51.58 _
by margins of SA-BERT (Gu et al., 2020) 75.88 64.96 | 57.62 | 54.28 MPC-BERT by
12.14%, 25.05%, MPC-BERT (Gu et al., 2021) 83.54 67.56 | 61.00 | 58.52 Ma rgi ns of 6.96%,
BERT w/ GIFT 85.521 89.741 | 82.317 | 80.407
25.14% and SA-BERT w/ GIFT 88,021 00,01t | 82.76' | s0.87t 23.05%, 23.12%
- f f f f
26.59% MPC-BERT w/ GIFT 90.50 90.617 | 84.127 | 81.51 and 22.99%
respectively respectively

Surprisingly effective for speaker identification! 52
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Performance Change at Different Lengths

Results: the performance of addressee

recognition and speaker identification dropped as

the session length increased
Analysis: longer sessions always contain more
interlocutors which increase the difficulties of
predicting interlocutors
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Performance Change at Different Lengths

Results: the performance of response selection
was significantly improved as the session length
increased

Analysis: longer sessions enrich the
representations of contexts with more details
which benefit response selection
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Performance Change at Different Lengths
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Visualization of Weights

* The changing trends of reply-to and replied-by edges were roughly
the same, while the values of these two edges were always different

* The values of the indirect-reply edge were always the minimum at the
beginning, and surprisingly became the maximum in the last layer,
v/ less attention to irrelevant utterances to themselves at first glance

v/ After comprehending the most relevant utterances, turn to indirectly related
ones in context for fully understanding the entire conversation
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Figure 4: The weights of four types of edges in different encoding layers of MPC-BERT trained on Hu et al. (2019).



Q&A



coffee break

We will be back at 15:30!



Section 4:
Addressee Modeling (cont’d)



Representative Tasks

* Dialogue disentanglement aims at disentangling a whole conversation
from a data stream into several threads via the underlying reply
relationships, so that each thread is about a specific topic (implicit
addressee modeling)
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Dialogue Disentanglement

* [03:05] hehe yes. does Kubuntu have ’"KPackage’?

« === delire found that to be an excellent interface to the apt suite in another
distribution.

e === E-bola [...@...] has joined #ubuntu

» [03:06] does anyone know a consoleprog that scales jpegs fast and efficient?.. this
digital camera age kills me when | have to scale photos :s

* [03:06] delire, yes

« [03:06] BurgerMann, convert i’

 [03:06] part of imagemagick

* === E-bola [...@...] has left #ubuntu []

e [03:06] BurgerMann: ImageMagick

* [03:06] BurgerMann, i used that to convert 100’s of photos in one command
e [03:06] Oh... I'll have a look.. thx =)

Jonathan K. Kummerfeld, et al. A Large-Scale Corpus for Conversation Disentanglement. ACL 2019.



Dialogue Disentanglement

‘ [03:05] hehe yes. does Kubuntu have 'KPackage’?

=== delire found that to be an excellent interface to the apt suite in another
distribution.

=== E-bola [...@...] has joined #ubuntu

(03:06] does anyone know a consoleprog that scales jpegs fast and efficient?.. this
digital camera age kills me when | have to scale photos :s

03:06] delire, yes

03:06] BurgerMann, convert Easy to understand and
03:06] part of imagemagick respond appropriately after

(03:06] BurgerMann: ImageMagick
(03:06] BurgerMann, i used that to convert 100’s of photos in one command
(03:06] Oh... I'll have a look.. thx =)

59
Jonathan K. Kummerfeld, et al. A Large-Scale Corpus for Conversation Disentanglement. ACL 2019.



DialBERT

Tianda Li, et al. DialBERT: A Hierarchical Pre-Trained Model for Conversation Disentanglement. 2020.

Tianda Li, et al. Conversation- and Tree-Structure Losses for Dialogue Disentanglement. DialDoc 2022.



DialBERT

G
CLS3

g
CLs 2

G
CLS1

Context Awared Input

Capture local semantics by
concatenating target with
each of context utterance

Tianda Li, et al. DialBERT: A Hierarchical Pre-Trained Model for Conversation Disentanglement. 2020.

Tianda Li, et al. Conversation- and Tree-Structure Losses for Dialogue Disentanglement. DialDoc 2022.



DialBERT
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Capture global semantics
Context Awared Input l across different message
Bk

pairs to enhance context

Tianda Li, et al. DialBERT: A Hierarchical Pre-Trained Model for Conversation Disentanglement. 2020.

Tianda Li, et al. Conversation- and Tree-Structure Losses for Dialogue Disentanglement. DialDoc 2022.



DialBERT

reature Heuristics features,

&= = ]
fi— £ I
| B ;-4//////// f.g., year, conversation
dH — : "z frequency, message
[ | BERT Yoo Bi-LSTM %,;%% 9 . Y . &
— = — T > type, time difference
_— c:;HCLSZ
MCCL51
Context Awared Input l

)é » Heuristic Classifier

& Concatenation
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Masked Hierarchical Transformer

Shared Utterance Encod

ncoder
(Trasformer, BERT-base) Masked Transformer

Learn conversation structures via ——— 1. m
masking to denote which history o "
utterances are attendable to guide and v s —{re —{]
aggregate the ancestor flow il o

g8reg —re ]

Henghui Zhu, et al. Who did They Respond to? Conversation Structure Modeling using Masked Hierarchical Transformer. AAAI 2020.



Masked Hierarchical Transformer

Shared Utterance Encod

ncoder
(Trasformer, BERT-base) Masked Transformer

Utterance encoder —

Learn conversation structures via
masking to denote which history L S—
utterances are attendable to guide and v s -
aggregate the ancestor flow

Utterance encoder

S S S S A

Utterance 1 Utterance 0
Utterance 1
[Utt eeeeee 2] [Utt eeeeee 3] Utterance 2
\ Utterance 3
Utterance 4
[Utterance 4] [ t':a get ]
usten Target
utterance

Henghui Zhu, et al. Who did They Respond to? Conversation Structure Modeling using Masked Hierarchical Transformer. AAAI 2020.



Masked Hierarchical Transformer

Shared Utterance Encod

Learn conversation structures via siemen s | e
masking to denote which history S =
utterances are attendable to guide and v wome e ]
Utterance 4—>  Utterance encoder  ——> — Fc |—>|
aggregate the ancestor flow N = .
gereg e —{]
* Attend to target utterance
* Attend to itself

* Non-target utterances attend to its f—"
ancestors in the conversation graph } °°°°°° ] (o] i

* Not attend to all remaining utterances; 2 (&)

Henghui Zhu, et al. Who did They Respond to? Conversation Structure Modeling using Masked Hierarchical Transformer. AAAI 2020.



Pointer Network

Encode each utterance

e consisting of three parts: time,
 TTTTETTT  speaker and message text
T i

?ime Speaker Message text

(a)

Tao Yu, et al. Online Conversation Disentanglement with Pointer Networks. EMNLP 2020.
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Pointer Network

Capture first-order
Inter-utterance interactions
____________________ through five features:
(a) Time difference
(b) Mention
__(c) Mention history
= (d) Topic coherence
(e) Pointing

% Topic
4 coherence |

S \ | Differential | | 1

?ime Speaker Message text

U time Speaker Text

@ v Model link prediction as a

multinomial distribution
over the previous utterances

62
Tao Yu, et al. Online Conversation Disentanglement with Pointer Networks. EMNLP 2020.



Pointer Network
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Differential H
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?ime Speaker  Message text

uj time Speaker Text

(a) (b) (c)
Capture higher-order contextual information with pairwise classification
deciding whether two utterances are in the same conversation
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Tao Yu, et al. Online Conversation Disentanglement with Pointer Networks. EMNLP 2020.



Structural Characterization

Pairwise encoding with each
parent candidate utterance and
Utterance aggregation with [CLS]

representation

>

f ~ (Aggregation)
| i
A

- ( PrLM )
\ Encoder

A

i (1003) daftykins: | meant to the channel and

not me,| know nothing about python:)

.i_ (10'(.)5.;) requm: | cant ssh into it until | log

in‘as a user.
— (1010) regum: it says connetction refused.

blakdog: Do the ubuntu Its
— (1011) version% able to run as alive cd?

bekks: requm; Because the root accoutn
— (1012) s disabled in Ubuntu,by default.

daftykins: blackdog: run as live
— (1013) for esting, yes 2

. regum: which is really inconvenient, as
(1014) it means | have to plug a keyboard
every time | turn it on.

i~ (1015) plakdog: thanks

— (1016) daftykins: regum: so reconfigure SSHd
~. (1017) jancoow: daftykins: oh haha sorry

Xinbei Ma, et al. Structural Characterization for Dialogue Disentanglement. ACL 2022.
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Structural Characterization

Speaker property to
emphasize correlations
between utterances
from the same speaker
via attention mask

A

i (1003) daftykins: | meant to the channel and

not me,| know nothing about python:)

.i_ (10'(.)5.;) requm: | cant ssh into it until | log

in‘as a user.

-+ (1010) regum: it says connetction refused.

blakdog: Do the ubuntu Its

-+ (1011) versions able to run as a live cd?

bekks: requm: Because the root accoutn

-+ (1012) jsdisabled in Ubuntu,by default.

daftykins: blackdog: run as live
— (1013) for esting, yes 2

. regum: which is really inconvenient, as
(1014) it means | have to plug a keyboard
every time | turn it on.

% (1015) plakdog: thanks
«—— (1016) daftykins: regum: so reconfigure SSHd

~.. (1017) jancoow: daftykins: oh haha sorry

Xinbei Ma, et al. Structural Characterization for Dialogue Disentanglement. ACL 2022.



Structural Characterization

e
o«
ea
- e
" Speaker Dependency\‘\: - e
| oo s ! S 2 I
wir——————1017 ! {
1003 1009 1010 - O
1017 A // ] P
/I\ ~ /lt// [ : j
1016.=—<\ [1011
oy NN /\\ I Jr ey
A «\}/E:Q,.\\:\\ . i | -
1015 17N\ 1012 1 ¢ P ) J\. """"
1014 1013 " Encoder /2

i (1009)

i (1011)

i (1014)

1 daftykins: | meant to the channel and
not me,| know nothing about python:)

regum: | cant ssh into it until | log
in‘as a user.

«—+— (1010) regum: it says connetction refused.

blakdog: Do the ubuntu Its
versions able to run as alive cd?

bekks: requm: Because the root accoutn

l«—i (1012) js'disabled in Ubuntu,by default.
- (1013)

daftykins: blackdog: run as live
for festing, yes

regum: which is really inconvenient, as
it means | have to plug a keyboard
every time | turn it on.

% (1013) blakdog: thanks
«—— (1016) daftykins: regum: so reconfigure SSHd

~. (1017) jancoow: daftykins: oh haha sorry

Enhance reference dependency via relational GCN
utterance as a vertex and “reply to” as an edge
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Structural Characterization

-------------------------- e
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i (1009)
i (1011)

i (1013)

i (1014)

1 daftykins: | meant to the channel and
not me,| know nothing about python:)

regum: | cant ssh into it until | log
in‘as a user.

i«—i— (1010) regum: it says connetction refused.

blakdog: Do the ubuntu Its
versions able to run as alive cd?

bekks: requm: Because the root accoutn

l«—i (1012) js"disabled in Ubuntu,by default.

daftykins: blackdog: run as live
for festing, yes

regum: which is really inconvenient, as
it means | have to plug a keyboard
every time | turn it on.

¢ (1015) blakdog: thanks
«—— (1016) daftykins: regum: so reconfigure SSHd

~.. (1017) jancoow: daftykins: oh haha sorry

Fuse structure-aware and original
representation via Syn-LSTM for
contextualization

Xinbei Ma, et al. Structural Characterization for Dialogue Disentanglement. ACL 2022.
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Section 5:
Response Modeling



Representative Tasks

* Response selection aims at selecting the best-matched response from
a set of candidates, given the context of a multi-turn conversation
(retrieval-based)
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Response Selection

Neural Networks
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Response Selection

Not only: Input -

Semantics

Consistency | Q
Interactiveness index \. O
”

Neural Networks

o _
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Not only: Input -

e Semantics

* Consistency | Q
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Neural Networks
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Response Selection

Not only: = .

Neural Networks

* Semantics oo
o > \’féfs“‘§:z‘//)&,\\&?%%‘z‘s‘\v; <N
* Consistency | ATV
. Index ‘
* Interactiveness . O
”
But also:

* Conversation structure '

Output
* Topic transition _
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DRNN & SIRNN

Jointly model interlocutors and utterances
But not fuse users’ states into the utterance embeddings

(a2, a1, ul")) (a1, a3,u?)) (as, az, u?) (a3, a1,ulV)) (ay, a3,u?) (a3, ag, u®)

ag(J) — 0—» agl) o o2 " a§3) ago) = 0—> agl) — a?) — agg)

T ) ) 4 (0) i N A

1

0 u(2) 0 u( )732 u(2)7a3 u(3) D IGRUS
aéo) — 00— aél) > aéQ) > aég> |:] GRU ago) = 0" aél) > 352) '_> aég) C T IGRUA

T T T f y 4 o

4y 0 u(l), ag()) e u(?’), aéQ) GRU
0 . @ 3

0 —o—f & = a2 A af) =0— ay) = al) o ¥

T 7 7 Y 4 ’

. 0 NG it u?, a(ll) ul?), ag)

DRNN SIRNN

Ouchi and Tsuboi. Addressee and Response Selection for Multi-Party Conversation. EMNLP 2016. .

Rui Zhange. et al. Addressee and Response Selection in Multi-Partv Conversations with Speaker Interaction RNNs. AAAI



Topic-BERT

Frame response selection as dynamic topic tracking

68
Weishi Wang, et al. Response Selection for Multi-Party Conversations with Dynamic Topic Tracking. EMNLP 2020.



Topic-BERT

Frame response selection as dynamic topic tracking
] remain the same topic as going from context to response

68
Weishi Wang, et al. Response Selection for Multi-Party Conversations with Dynamic Topic Tracking. EMNLP 2020.



Topic-BERT

Frame response selection as dynamic topic tracking

STP MLM

TCLS TUl TSEP TU2 TSEP

Pretrain with

Topic-BERT a) Same Topic Prediction (STP): if a pair of

PositionEmb | B, || E || B, || B || E, utterance in a single-threaded conversation

+
Segme:1|t.Emb E. Ec E; Ex Eg b) Masked Language Mode“ng (MLM)

Token Emb | E Eui | - Ew Egep

Input CLS U, SEP U, SEP
Augmented Topic

Sentence Pairs

68
Weishi Wang, et al. Response Selection for Multi-Party Conversations with Dynamic Topic Tracking. EMNLP 2020.



TOplC'BERT Topic attention to enhance topic
information via [CLS] as query

Frame response selection as dynanALtesslingtekhg remaining tokens
Topic Attention Toic —»@

STP MLM , Q || KV Concatenation
— |
TCLS TUl TSEP TU2 TSEP : TCLS TUl,l i TSEP i TU2,m TSEP
Topic-BERT e Pretrained Topic-BERT
| O A T T e e N
Position Emb |
o lo_r;_ mb | B, [[E E, Ey E, | | CLS U, SEP U SEP
Segment Emb | E. Ee E. E; Ex i t
+ I
Token Emb | Ecg Eu Eser Ey, Eser . U Tij
__________________________________ 1
i u, Vij
Input CLS U, SEP U, SEP ;
T u, r; J
Augmented Topic
Sentence Pairs Context History (c;) Response

68
Weishi Wang, et al. Response Selection for Multi-Party Conversations with Dynamic Topic Tracking. EMNLP 2020.



Topic-BERT

Operations for a response
candidate with each
-conversation utterance

6

Topic Attention Tiosic
SiP M#M , Q || KV Concatenation
- = 4
TCLS TUl TSEP TUZ TSEP : TCLS TUl,l TSEP TU2,m TSEP
! | Topic Vector 1 Topic Vector 1 |
Topic-BERT > Pretrained Topic-BERT | Topic Vector 2 Topic Vector 2 |
| m=e=eemsmsmmmemeeeeeseseseessssssss—smssseees--- .
Pos1t10n+ Emb [ E, E; E, E, E, E CLS U SEP 0 SEP | Topic Vector n Topic Vector n I
Segment Emb | E. Ee E. E; Ex E t Self-Attention
Token Emb | Ecg Eu Eser Ey, Eser . U Tij
______ s wesTud ©ebedad Seis Toumeve G et oosdwin o be " smm §ooiis I
i u, Vij
Input CLS U, SEP U, SEP | |
T u, r; V]
Augmented Topic
Sentence Pairs Context History (c;) Response

68
Weishi Wang, et al. Response Selection for Multi-Party Conversations with Dynamic Topic Tracking. EMNLP 2020.



TOplC'BERT Response selection

as the main task

— 1 [} 1 1
Response
_ Sel_e:‘tion
Topic Aﬁention T iosic —>@ S ——
STP MLM ' Q |_K, vV Concatenation
! sy ‘
[ 1
TCLS TUl TSEP TU2 TSEP E TCLS TUl,l i TSEP i TU2,m TSEP f
! | Topic Vector 1 Topic Vector 1 |
Topic-BERT > Pretrained Topic-BERT | Topic Vector 2 Topic Vector 2 |
| e e e o e e
Position Emb . Topic Vector n Topic Vect
oSt 101 m E, = E, L E, ! CLS U, SEP U, SEP | E e I
Segment Emb | E. E. E. B E: E t Self-Attention
el :
Token Emb | Es Ey, Eser Ey, Eser . U Fij
______ i Tl 4 e Ty 1
| U, Tij
Input CLS U, SEP U, SEP | |
T u, r; 4]
Augmented Topic
Sentence Pairs Context History (c;) Response

68
Weishi Wang, et al. Response Selection for Multi-Party Conversations with Dynamic Topic Tracking. EMNLP 2020.



Topic-BERT

— 1 [} 1 1
Response
_ Sel_e:‘tion
Topic Aﬁention T iosic —>@ S ——
STP MLM ' Q |_K, vV Concatenation
! sy ‘
[ | 1
TCLS TUl TSEP TU2 TSEP : TCLS TUl,l i TSEP i TU2,m TSEP f
! | Topic Vector 1 Topic Vector 1 |
Topic-BERT > Pretrained Topic-BERT | Topic Vector 2 Topic Vector 2 |
| me===eesmssmemmeeeeseseseeesssssssesmssseee-=-- .
Pos1t10n+ Emb [ E, E, E, E, E, E CLS U SEP 0 SEP | Topic Vector n Topic Vector n I
Segment Emb | E. E Ee Ex E. E t ‘ Self-Attention ‘
Token Emt | B | B [ B | [ Bn ] [ B | |
oken Em CLS Ul SEP U2 SEP . U ¥ij - Fuse
------ e s - ;
; : ! [Sisguoid
mput | cLs || u, || sep || ©, || sEp | [ Softmax |
: - N v i
T u, r Topic Prediction Disentanglement
Augmented Topic ofe .
Sentence Pairs Context History (c;) Response Two auxi l lary tas k Via

multi-task learning ¢
Weishi Wang, et al. Response Selection for Multi-Party Conversations with Dynamic Topic Tracking. EMNLP 2020.



MPC-BERT: Utterance Semantics Modeling (1)

Shared Node Detection: a full MPC instance can be divided into several
sub-conversations, e.g., two sub-conversations {U3, U5, U7, U8} and {U4,
U6, U9} share the same parent node U2

Interlocutor structure modeling has been covered in Section 3!



MPC-BERT: Utterance Semantics Modeling (1)

*Shared Node Detection: a full MPC instance can be divided into several
sub-conversations, e.g., two sub-conversations {U3, U5, U7, U8} and {U4,
U6, U9} share the same parent node U2

Uy

v

U14—‘U2< U3<—U5<—U8

T U4<—U6<—Ug

Interlocutor structure modeling has been covered in Section 3!



MPC-BERT: Utterance Semantics Modeling (1)

*Shared Node Detection: a full MPC instance can be divided into several
sub-conversations, e.g., two sub-conversations {U3, U5, U7, U8} and {U4,
U6, U9} share the same parent node U2

Uy

v

Ui = Uz [« Uz «— Us «— Us

T U4<—U6<—Ug

* Assumption: the representations of sub-conversations under the same
parent node tend to be similar

Interlocutor structure modeling has been covered in Section 3!



MPC-BERT: Utterance Semantics Modeling (2)

Masked Shared Utterance Restoration: a shared utterance is
semantically relevant to more utterances in the context than non-shared
ones, e.g., U2 and U5
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MPC-BERT: Utterance Semantics Modeling (2)

* Mlasked Shared Utterance Restoration: a shared utterance is
semantically relevant to more utterances in the context than non-shared
ones, e.g., U2 and U5

U1 < U2 < U3 < U5 < Ug

T— Us «— Us [« Ug

70



MPC-BERT: Utterance Semantics Modeling (2)

* Masked Shared Utterance Restoration: a shared utterance is
semantically relevant to more utterances in the context than non-shared

ones, e.g., U2 and U5

Ui e Uz

<

Us

[

U,

U7

!

Us Us
Us [« Ug

* Assumption: mask a sampled shared utterance and enforce model to
restore the masked shared utterance given the rest conversation can
enhance the conversation understanding
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Results

MPC-BERT outperforms SA-BERT by margins of 3.82%, 2.71%, 2.55% and 3.22% R, @1
GIFT improve BERT by margins of 2.48%, 2.12%, 2.71% and 2.34% R, @1

Hu et al. (2019) Ouchi and Tsuboi (2016)
Len-5 Len-10 Len-15

R.@1 | R;p@1 | R.@1 | Rjp@1 | R.@1 | R;p@1 | R,@1 | Ryp@1
DRNN (Ouchi and Tsuboi, 2016) - - 76.07 | 33.62 | 78.16 | 36.14 | 78.64 | 36.93
SIRNN (Zhang et al., 2018) - - 78.14 | 36.45 | 80.34 | 39.20 | 80.91 | 40.83
BERT (Devlin et al., 2019) 9248 | 73.42 | 85.52 | 5395 | 86.93 | 57.41 | 87.19 | 58.92
SA-BERT (Gu et al., 2020) 9298 | 75.16 | 86.53 | 5524 | 87.98 | 59.27 | 88.34 | 60.42
MPC-BERT (Gu et al., 2021) 9490 | 78.98 | 87.63 | 57.95 | 89.14 | 61.82 | 89.70 | 63.64
BERT w/ GIFT 93.227 | 75.90" | 86.59T | 56.07T | 88.02T | 60.127 | 88.57T | 61.26'
SA-BERT w/ GIFT 94,261 | 78.207 | 88.077 | 59.407 | 89.917 | 64.45" | 90.45T | 65.771
MPC-BERT w/ GIFT 95.04 | 80.747 | 87.97 | 58.837 | 89.77T | 63.97T | 90.62" | 66.08"

GIFT is also evaluated and shows effectiveness on response selection
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Results
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Results

MPC-BERT outperforms SA-BERT by margins of 3.82%, 2.71%, 2.55% and 3.22% R, @1
GIFT improve BERT by margins of 2.48%, 2.12%, 2.71% and 2.34% R, @1
improve SA-BERT by margins of 3.04%, 4.16%, 5.18% and 5.35% R, @1
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Representative Tasks

* Response generation synthesize a response with a natural language
generative model by maximizing its generation probability given the
previous conversation history (generation-based)
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GSN

update operator,

o e S ~ Utterance-level graph-based

8y —= 8 <‘>9=§2 [ :=es s encoder which encodes utterances
| update > | _ Update

& & \ @ 0--a based on the graph topology rather

than the appearance sequence

73

Wenpeng Hu, et al. GSN: A Graph-Structured Network for Multi-Party Dialogues. 1JCAI 2019.



GSN

update operator,

e T ~ Utterance-level graph-based
S8 ®s — %208 encoder which encodes utterances
undate - . update
pasie 4 N based on the graph topology rather

s s (5 ® s} s

than the appearance sequence

| next step

= ~ Each utterance (a node in the

8y —=| 5y ® 8y T [ 82 ® 8y 8"

— \ T update graph) accepts information from

< update - =

s S (80 ® S-Sy all its connected utterances
--------------------- (nodes) in each iteration

--- iteration 2

73
Wenpeng Hu, et al. GSN: A Graph-Structured Network for Multi-Party Dialogues. 1JCAI 2019.



GSN

update operator,

--- iteration 1 ---------.

31_—""\31 ®32‘——" 32®33}—’33

91

--- iteration 2 -----

S1~---»\s1 @Sz\——>132®ss}—~ssv

'i s update ------- ’, \ update
) k Sz ® s4 8"

Homogeneous graph
composed of only
utterances!

'.' - Update """"" - \ 7 update
$ 82 ® s4 8y

Utterance-level graph-based
encoder which encodes utterances
based on the graph topology rather
than the appearance sequence

Each utterance (a node in the
graph) accepts information from
all its connected utterances
(nodes) in each iteration

73

Wenpeng Hu, et al. GSN: A Graph-Structured Network for Multi-Party Dialogues. 1JCAI 2019.



Bi-directional & Speaker Information Flow

forward information flow

backward information flow

Bi-directional: to allow
information to flow thoroughly
via backward and forward
propagation

Wenpeng Hu, et al. GSN: A Graph-Structured Network for Multi-Party Dialogues. 1JCAI 2019.
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Bi-directional & Speaker Information Flow

the same speaker

/-/\‘/ 3

forward information flow

g \ : 4
LI Y 4 hidden edge between the -
: . utterances of the same speaker
backward information flow direction of information flow
Bi-directional: to allow Speaker: to reflect speaker
information to flow thoroughly change via creating an edge
via backward and forward for every utterance pair
propagation from the same speaker

Wenpeng Hu, et al. GSN: A Graph-Structured Network for Multi-Party Dialogues. 1JCAI 2019.
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Is a homogeneous graph expressive enough to represent an MPC?
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Is a homogeneous graph expressive enough to represent an MPC?

Ql Are there other sources of
information in addition to
utterances that should be
embraced in a unified graph?
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Is a homogeneous graph expressive enough to represent an MPC?

?

o

Q1 Are there other sources of Q2 Is it necessary to distinguish the

. information in addition to . fine-grained and complicated
utterances that should be interactions between utterance
embraced in a unified graph? and interlocutor graph nodes?
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HeterMPC: Graph Construction

* M utterances and I interlocutors [] a heterogeneous graph G(V, E)

76
Jia-Chen Gu, et al. HeterMPC: A Heterogeneous Graph Neural Network for Response Generation in Multi-Party Conversations. ACL 2022.



HeterMPC: Graph Construction

* M utterances and I interlocutors [] a heterogeneous graph G(V, E)

*V:aset of M+ nodes, each denoting an utterance or an interlocutor

76
Jia-Chen Gu, et al. HeterMPC: A Heterogeneous Graph Neural Network for Response Generation in Multi-Party Conversations. ACL 2022.



HeterMPC:

* M utterances and I interlocutors [] a heterogeneous graph G(V, E)
*V:aset of M+ nodes, each denoting an utterance or an interlocutor

°F = { } . a set of directed edges, each edge e, describing the
connection from node p to node g

76
Jia-Chen Gu, et al. HeterMPC: A Heterogeneous Graph Neural Network for Response Generation in Multi-Party Conversations. ACL 2022.



HeterMPC: Graph Construction

* M utterances and I interlocutors [] a heterogeneous graph G(V, E)
*V:aset of M+ nodes, each denoting an utterance or an interlocutor

F={e p’q} 5 . a set of directed edges, each edge e, describing the

connection from node p to node g

7 =\
© :interlocutor
: Utterance

* Six types of meta relations: {reply, ey

replied-by, speak, spoken-by, address, |- cRel

. . ——» :Spea
addressed-by} to describe directed edges |~ :Spoken-by
between two nodes @ | fidressedty

76
Jia-Chen Gu, et al. HeterMPC: A Heterogeneous Graph Neural Network for Response Generation in Multi-Party Conversations. ACL 2022.



HeterMPC: Node Initialization

Each utterance is encoded
individually by stacked
Transformer encoder layers

L X

4

Transformer

R : Interlocutor @ : Interlocutor node — : Replied-by »: Speak —— : Addressed-by ) : Product
- : Utterance sequence ¢ : Utterance node _ __, :Reply . : Spoken-by _ _ _, : Address @ :Add
-
|
o |
r’é‘—‘ ‘—’é‘—l ’_’é‘j | ’—’é‘—l
|
28 3 o (o 5 o - o (- 78 7
¥ i 7 f
[ I I 1
K K | K ) ’
Iull(;kl |Wlm||W1/R| | lTR“WHk| I Witk || Wllkl I IIRH IIR | |W11k|| tIRI W,‘;RHW,WI |WI%'R|
L& t @ f t @ f | t e !
4 4 A | 4 A
T (o] — | = [
4 : 4
Order-Based Order-Based Order-Based
L, Xl Transformer ‘ Transformer ‘ ‘ Transformer Embedding Table JEmbe dding Table || Transformer I Transformer | IEmbe dding Table
7y 7'y % | x L)
|
|
N J K J
N | NA
Target node Source nodes | Source nodes Target node
|
I

(a) Update of an utterance node

(b) Update of an interlocutor node
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HeterMPC: Node Initialization

e Each utterance is encoded

individually by stacked

Transformer encoder layers

4

Transformer

R

‘ A

: Interlocutor

: Utterance sequence

@ : Interlocutor node — : Replied-by
: Utterance node ___, : Reply

»: Speak —— : Addressed-by ) : Product
. :Spoken-by _ _ _, : Address @ :Add

(a) Update of an utterance node

(b) Update of an interlocutor node

N
|
o |
i 8 & ! o o
o HW"‘( [.| Wi ||W e Pl P e ||W"“,, th”;j,T ||W),’d‘§ h
[ + ; f 1 t 1
AR TAlAAlATARA LAl TATAlCa Ll
L & t @ f t @ f I L g f t gt
—* —* —* — =
|
Ly Xl Transformer l | Trans:ormer ‘ ‘ TransEormer ‘ En?b;ds;nrsn;s'rea(:)le Emobr:;.iE;ﬁ'e:ble il Trans:ormer I TransEormer ||Err?br::fdﬁ;s1'eac:)le
|
e U < J
Target node Source nodes : Source nodes Target node
|
1
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HeterMPC: Node Initialization

* Each utterance is encoded
individually by stacked
Transformer encoder layers

Q

* Each interlocutor is directly
represented by looking up
a position-based
interlocutor embedding
table

4

\ (a) Update of an utterance node

|
|
,  (b) Update of an

interlocutor node

77

Transformer l
R : Interlocutor @ : Interlocutor node — : Replied-by »: Speak —— : Addressed-by ) : Product
- : Utterance sequence ¢ : Utterance node _ __, :Reply . : Spoken-by _ _ _, : Address @ :Add S,
Ly:X o« :
g A A o Y e o A
l ¥
[ W | A AL IIW IAAATAlIATAlia Al
|y T_ ) [
= = = — =
4 A 4 ! 4 4
L4 Xl Transform l ‘ Transformer ‘ ‘ Transform ‘ En?t:edsglrsl;?l;ilel JEmobr::i.iE;ﬁ'e:bIel il Transformer | I Transformer IIErr?bred;;Bn;s‘l?ac:)le|
LY LY L)
|
C 7k J
N | NA
Target node Source nodes Source nodes Target node



HeterMPC: Node Updating

Introduce parameters to

4

4

Transformer

R
N

R : Interlocutor
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(b) Update of an interlocutor node
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t

4

Transformer

Introduce parameters to
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@ : Interlocutor node — : Replied-by -
: Utterance node ___, : Reply
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(a) Update of an utterance node

hi = Z softmax(w!(s, e, t))7'(s),
hi*! = FFN,(h{) + hy,

Ziniu Hu, et al. Heterogeneous Graph Transformer. WWW 2020.

(b) Update of an interlocutor node
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(a) Update of an utterance node (b) Update of an interlocutor node

* Specifically, the context information in an utterance node is shared
with other tokens in this utterance through another layer of
intra-utterance Transformer encoding
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Graph-based methods heavily rely on the necessary addressee
labels to construct a consecutively connected conversation graph
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Graph-based methods heavily rely on the necessary addressee
labels to construct a consecutively connected conversation graph

Speaker Utterance Addressee
User 1 ”Good point, tmux is the thing I miss.” | - |
User 1 ”Cool thanks for ur help.” @User 4 User 4
User 2 ”Ahha, you r using something like cpanel.” || — |
User 3 ”Yeah 1.4.0 exactly.” @QUser 2 User 2
User 4 ’my pleasure :)” | - |

Scarcity of addressee labels: addressees of 55% of the
utterances in the Ubuntu IRC dataset (Ouchi and
Tsuboi, 2016) are not specified
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Graph-based methods heavily rely on the necessary addressee
labels to construct a consecutively connected conversation graph

Speaker Utterance Addressee
User 1 ”Good point, tmux is the thing I miss.” | - |
User 1 ”Cool thanks for ur help.” @User 4 User 4
User 2 ”Ahha, you r using something like cpanel.” || — |
User 3 ”Yeah 1.4.0 exactly.” @QUser 2 User 2
User 4 ’my pleasure :)” | - |

Scarcity of addressee labels: addressees of 55% of the
utterances in the Ubuntu IRC dataset (Ouchi and
Tsuboi, 2016) are not specified

\ 4

Result in only a few separate conversation fragments
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EM Pre-training

Treat the addressee of an utterance as a discrete latent variable z

Yiyang Li, et al. EM Pre-training for Multi-party Dialogue Response Generation. ACL 2023.



EM Pre-training
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EM Pre-training

The Expectation Step
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EM Pre-training
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Results

Graph-based outperforms non-graph-based

Heterogeneous-graph-based outperforms homogeneous-graph-based

Addressee-filled outperforms addressee-missed

Metrics
Models

BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE;/,

RNN Seq2Seq (Sutskever et al., 2014) 7.71

Transformer (Vaswani et al., 2017) 7.89
GSN (Hu et al., 2019) 10.23
GPT-2 (Radford et al., 2019) 10.37
BART (Lewis et al., 2020) 11.25
HeterMPC (Gu et al., 2022) 12.26

EM Pretraining (Li and Zhao, 2023) 12.31

2.46
20
3.57
3.60
4.02
4.830
5.39

1.12
1.34
1.70
1.66
1.78
242
3.34

0.64
0.74
0.97
0.93
0.95
1.49
2.45

3.33
3.81
4.10
4.01
4.46
4.94
5,92

8.68
9.20
9.91
9.53
9.90
11.20
11.71
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Heterogeneous-graph-based outperforms homogeneous-graph-based

Addressee-filled outperforms addressee-missed

Metrics
Models

BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE;/,

RNN Seq2Seq (Sutskever et al., 2014) 7.71 2.46 1.12 0.64 3.33 8.68
Transformer (Vaswani et al., 2017) 7.89 2.75 1.34 0.74 3.81 9.20
GSN (Hu et al., 2019) 10.23 3.57 1.70 0.97 4.10 991
GPT-2 (Radford et al., 2019) 10.37 3.60 1.66 0.93 4.01 9.53
BART (Lewis et al., 2020) 11.25 4.02 1.78 0.95 4.46 9.90
HeterMPC (Gu et al., 2022) 12.26 4.80 2.42 1.49 4.94 11.20
EM Pretraining (Li and Zhao, 2023) 12.31 5.39 3.34 2.45 5.52 11.71

81



Results

Graph-based outperforms non-graph-based
Heterogeneous-graph-based outperforms homogeneous-graph-based

Addressee-filled outperforms addressee-missed

Models Metrics BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE;/,

RNN Seq2Seq (Sutskever et al., 2014) 7.71 2.46 1.12 0.64 3.33 8.68
Transformer (Vaswani et al., 2017) 7.89 2.75 1.34 0.74 3.81 9.20
GSN (Hu et al., 2019) 10.23 3.57 1.70 0.97 4.10 9.91
GPT-2 (Radford et al., 2019) 10.37 3.60 1.66 0.93 4.01 9.53
BART (Lewis et al., 2020) 11.25 4.02 1.78 0.95 4.46 9.90
HeterMPC (Gu et al., 2022) 12.26 4.80 2.42 1.49 4.94 11.20

EM Pretraining (Li and Zhao, 2023) 12.31 5.39 3.34 2.45 5.52 11.71




Results

Graph-based outperforms non-graph-based
Heterogeneous-graph-based outperforms homogeneous-graph-based

Addressee-filled outperforms addressee-missed

Models Metrics BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE;/,

RNN Seq2Seq (Sutskever et al., 2014) 7.71 2.46 1.12 0.64 3.33 8.68
Transformer (Vaswani et al., 2017) 7.89 2.75 1.34 0.74 3.81 9.20
GSN (Hu et al., 2019) 10.23 3.57 1.70 0.97 4.10 9.91
GPT-2 (Radford et al., 2019) 10.37 3.60 1.66 0.93 4.01 9.53
BART (Lewis et al., 2020) 11.25 4.02 1.78 0.95 4.46 9.90
HeterMPC (Gu et al., 2022) 12.26 4.80 242 1.49 4.94 11.20

EM Pretraining (Li and Zhao, 2023) 12.31 5.39 3.34 2.45 5.52 11.71




Section 6:
Challenges & Opportunities



Tutorial Summary

speaks
* Turn-taking to determine if take the floor to speak or not
 Speaker identification to identify the speaker of a specific utterance

e Address

v/ Explicit addressee recognition to recognize the addressee of a specific
utterance

v/ Implicit dialogue disentanglement to disentangle a whole conversation from a
data stream into several threads
*Say
v/ Retrieval-based to rank a list of response candidates
v/ Generation-based to synthesize a response via generative models



Challenge (1): Scarcity of Addressee Labels

Reduce the heavy dependency on the necessary addressee labels

Us R Iy (@Iz oi you re utc 2 wow very soon now )4— A
@1 or teal i do n tthink the delimiter will change i m thinking more

U, I3 of the leading image theme °

Us Is (@? thomi noooo }

@Ils yeah and being consistent with what is an issue in unity8 a
1 good bunch of code have the closing parenthesis

epePePelpelpe

|
Us I (@? thomi anything else on the pdf mp L_—A
Us 4 [@Iz sorry did you hve an updated version what a warm welcome J— 5
U, ki [@? nothing else after i sent you that link ]—

(a) An MPC instance with a few addressee labels (@) missing . . .

Fail to build a consecutively

Addressees of 55% of the connected conversation graph,
utterances in the Ubuntu dataset but only a few separate
are not specified conversation fragments instead

84
Jia-Chen Gu, et al. MADNet: Maximizing Addressee Deduction Expectation for Multi-Party Conversation Generation. EMNLP 2023.



Challenge (2): ChatMPC Solver

Is ChatGPT a Good Multi-Party Conversation Solver?

Can you solve multi-party conversation
tasks?

Human

/

1 do not have built-in mechanisms to keep

track of individual participants in a
conversation. Therefore, it's important to @
explicitly mention the name or identifier o —

the participant you are addressing when| ChatGPT
providing instructions or asking questions.

ChatGPT's performance on MPC
tasks leaves much to be desired,
whilst GPT-4's results portend a
promising future

Instruction:

You have been presented with a sequence of multi-party conversational
turns, organized in chronological order. Please evaluate the emotions
of each utterances in the dialogue using the following 7 labels: {'fear’,
'neutral’, joy', 'disgust, 'anger', 'sadness', 'surprise'}. The output
format must be: #{num} -- {speaker}: {utterance} // {emotion}

Use temperature=0, minimize unnecessary words to not get confused.

Input:

#0 -- All: Push, push!

#1 -- Ross: We're here!

#2 -- Carol: Where have you been?

#3 -- Ross: Long story, honey.

#4 -- Dr. Franzblau: All right, Carol, I need you to keep pushing. I need
— Excuse me, could I have this?

Response:

#0 -- All: Push, push! // neutral

#1 -- Ross: We're here! / joy

#2 -- Carol: Where have you been? // neutral

#3 -- Ross: Long story, honey. // neutral
#4 -- Dr. Franzblau: All right, Carol, I need you to keep pushing. I need
— Excuse me, could I have this? // neutral
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Chao-Hong Tan, et al. Is ChatGPT a Good Multi-Party Conversation Solver? Findings of EMNLP 2023.



Challenge (3): Multi-modal MPC

Incorporate the face and speech interactions in conversations
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Challenge (4): Virtual Agent Simulacra

Instantiate generative agents and empower multi-party interactions to
simulate believable human behavior, e.g., collaborate, debate, and evolve

Environment

Virtual Env.

Apps.

Interaction

Tool Usage

Rules

APls

Memory

User Profile

Action

MPC in a Multi-Agent Perspective

Joon Sung Park, et al. Generative Agents:

Joining for coffee at a cafe

Taking a walk
in the park
-_— 5

Finishing a -
morning routine &7

Interactive Simulacra of Human Behavior. arXiv 2023.



Open Questions

* Still don’t know yet how to better model the core issues of interlocutor and conversation
structure

* How to make use of the complicated and complementary interactions between
interlocutors and utterances for universal MPC understanding

* Why performance drops significantly when its comes to topic transition and long context

* How to design communitive agents: multimodal environment interaction, multi-agent
collaboration

¢ E‘@ S
* Lack of high-quality MPC datasets l( \'\&‘Qﬂ“\ )'
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Q&A

Thank you for joining us today!

All the materials are at
http://home.ustc.edu.cn/~gujc/presentations/2023 AACL_MPC.pdf

24 e ]
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