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MELD: A Multimodal Multi-Party Dataset for Emotion Recognition in Conversations. Soujanya Poria et al. ACL 2019.
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32.91 50.41 52.33 55.24 46.84 54.51 50.15
C-LSTM 30.66 69.86 55.15 58.52 55.93 60.74 57.01
C-LSTM + CRF 35.71 69.59 56.43 62.44 50.34 60.23 56.98
DialogueRNN 38.74 76.08 58.26 63.10 68.75 60.37 62.15
DialogueGCN 51.87 76.76 56.76 62.26 72.71 58.04 63.16
Our Approach 53.17 77.19 61.31 61.45 69.23 60.92 64.37

HARBIN INSTITUTE OF TECHNOLOGY




O MELDZ#UESRSE
- BADTEISBIFHIER, FHESHUNG HEREHT

—,

77.24 50.54 0.32 22.28 54.19 2.86 4288 58.48
C-LSTM 76.47 50.17 0.92 26.51 55.62 9.65 46.77 59.33
C-LSTM+CRF  76.42 50.22 1.48 26.29  55.58 851 46.96 59.29
DialogueRNN 76.23 49.59 0.00 26.33  54.55 081 46.76 58.73
DialogueGCN 76.02 46.37 0.98 24.32  53.62 1.22 43.03 57.52
Our Approach 77.52 53.65 3.31 23.62 56.63 19.38 48.88 60.72
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Our Approach, iter=1 61.22 60.07
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No. | Speaker | Utterance Step=1 | Step=2 | Gold
I | Chandler | What are you doing tonight? neutral | neutral | neutral
2 Joey Huh? Uh. neutral | neutral | neutral
3 | Chandler | Dude. Dude. neutral | neutral | surprise
4 Joey Oh, Sorry. Uh, I've got those plans with Phoebe, why? neutral | neutral | neutral
5 | Chandler | Oh really? Uh, Monica said she had a date at 9:00. surprise | surprise | surprise
6 Joey What? Tonight? surprise | surprise | surprise
7 | Chandler | That’s what Monica said. neutral | neutral | neutral
8 Joey After she gave me that big speech? neutral | surprise | surprise
9 Joey She goes and makes a date on the same night she has plans with me? | neutral anger anger
10 Joey I think she’s trying to pull a fast one on Big Daddy. anger anger anger
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Co-GAT: A Co-Interactive Graph Attention
Network for Joint Dialog Act Recognition and
Sentiment Classification

Libo Qin, Zhouyang Li, Wanxiang Che, Minheng Ni, Ting Liu

Research Center for Social Computing and Information Retrieval,
Harbin Institute of Technology, China



1 Task Definition

RESEARCH CENTER FOR SOCIAL COMPUTING AND INFORMATION RETRIEVAL



Task Definition

OProblem Formulation
CDialog Act Recognition:

X = {uq, Uy, ...,ur} (adabg cosss of asgane  of T uteres )
Oy = {y5,y5 - ¥}
CSentiment Classification:

X = {uq, Uy, ...,ur} (adabg cosss of asgane  of T uteres )
ay = {ys,y;, NN
OExample:
Speaker  Utterance DA Label Sentiment Label
User A they are as tired of social media as [ am . Statement Negative

yes ! i don’t get it . everyone i talk to about
User B facebook - - everyone - - hates it ,but none =~ Agreement Negative
of them will take action .
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OThe two factors that contribute to the dialog act
recognition and sentiment prediction.
Clmutual interaction information
Clcontextual information

COExample
S N
Speaker Utterance DA Label Sentiment Label
User A  they are as tired of social media as [ am . Statement E_I}T_e_g_é_lit_i_}f_?_j
User B yes!idon’tgetit.everyoneitalktoabout N\ RN
facebook - - everyone - - hates it , but none ~ |Agreeme nt|:>Ne gative
N of them will take action . N




Previous joint model work

CdFocus on mutual interaction information

CCerisara et al. (2018) proposed a multi-task framework to
jointly model the two tasks

Cimplicitly extract the shared mutual interaction
information

CIfail to effectively capture the contextual information.

Cerisara, C.; Jafaritazehjani, S.; Oluokun, A.; and Le, H. T. Multi-task dialog act and sentiment recognition
on mastodon. In Proc. of COLING 2018.



Previous joint model work

CDFocus on contextual information

OKim and Kim (2018) explicitly leveraged the previous act
information to guide the current DA prediction, which
captures the contextual information.

Clignored the mutual interaction information

Kim, M.; and Kim, H. Integrated neural network model for identifying speech acts, predicators, and
sentiments of dialogue utterances. Pattern Recognition Letters 2018.



Previous joint model work — Pipeline Method

OQin et al. (2020a) propose a pipeline method (DCR-
Net) to incorporate the two types of information.

Cla hierarchical encoder is proposed to capture the
contextual information

Cla relation layer to consider the mutual interaction
information

Otwo information are modeled separately

Hierarchical Encoder Stacked Co-Interactive Relation Layer Decoder

Mﬁ”ﬂ”a _Hil-@:--
Il @

Libo Qin, Wanxiang Che, Yangming Li, Mingheng Ni, Ting Liu. DCR-Net: A Deep Co-Interactive Relation
Network for Joint Dialog Act Recognition and Sentiment Classification. AAAl 2020.

Gl




Motivation — Problem

OProblem: Can we simultaneously model the mutual
interaction and contextual information in a unified
framework to fully incorporate them?

OWe propose a Co-Interactive Graph Attention
Network (Co—GAT) for joint dialog act recognition
and sentiment classification.-..




OIn Co-Interactive graph, we perform a dual-
connection
Clcross—utterances connection
Clcross—tasks connection

OAnswer: each utterance node can be updated
simultaneously with the contextual information and
mutual interaction information.
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Vanilla Graph Attention Network

SNOMNTNNINY SREMMHNITMMDMUIERNEINNN
OH= {(hy,....hy, h, € RF > H={h,...h},h € RF

(1 [ ARNNN
OF (h;, hj) = LeakyReLU(a' [Wh;IIWh;]) (1)

exp (¥ (b, b))
ih))_
exp (F (hy, hj) ) (2)

N 2

L] []

Velickovi¢ P, Cucurull G, Casanova A, et al. Graph attention networks. ICLR 2018.



Hierarchical Speaker—Aware Encoder

OUtterance Encoder with Bi-LSTM —— e e

= (U] ..... UN) {ht ht h } i i % B i A ‘:
L] D n [ il I
ht—L$I\D/I(¢eb”(\A}) htﬂ)teﬂ n, | f ik ? 1
hf_L ), h_).t €[n 1], EEn g i
ht \ [ﬁeﬂhgf N i % . :‘i @4——@5
|
i HJE "- E i é E |]|:||]|:|
k\ ______ ;) N ’ S
D S p e a ke r'_ Leve r E n C O d e r Hierarchical Speaker-Aware Encoder

1Vertices: Each utterance in the conversation is
represented as a vertex.

[ClEdges: vertex i and vertex j should be connected if they
belong to the same speaker.



Stacked Co-Interactive Graph Layer

OVertices: 2N nodes in the graph
J N nodes for sentiment classification

task T -
. LR i} ross-utterances connectipn Cruss—taskscnnnectiun\ \‘
0 N nodes for dialog act recognition fr <}
task
OEdges

C1Cross—utterances connection

_Inode i connects to its context utterance
node to take the contextual information
into account

D C ro SS _ta S kS C O n n e Ct i O n Stacked Co-Interactive Interaction Layer

_Inode i connects to all another task node to
explicitly leverage the mutual interaction
information

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
I
]




Decoder and Training

CODecoder
yd=sétm (Wd +by) (4)
y; = séim (Wst +b,) (5) -

N MH - |

Joint Training

X ) (j,s)
=0 21 Z y?? log (y/)  (6)
i J

a3 ¥ B9 (0 HHHH—[ — ]

i=1j=1
le N l-l + 12 (8) Decoder
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[OMastodon (Cerisara et al. 2018)

C0The Mastodon dataset consists of 269 dialogues for a
total of 1,075 utterances in training dataset and the test
dataset is a corpus of 266 dialogues for a total of 1,142
utterances.

ODailydialog (Li et al. 2017)

ClFor Dailydialog dataset, we adopt the standard split from
the original dataset employing 11,118 dialogues for training,
1,000 for validating, and 1,000 for testing.

Cerisara, C.; Jafaritazehjani, S.; Oluokun, A.; and Le, H. T. Multi-task dialog act and sentiment recognition
on mastodon. In Proc. of COLING 2018.

Li, Y.; Su, H.; Shen, X.; Li, W.; Cao, Z.; and Niu, S. DailyDialog: A Manually Labelled Multi—turn Dialogue
Dataset. In Proc. of IJCNLP 2017.




Model

Mastodon

Dailydialog

SC

DAR

FI (%) R (%) P (%)

FI (%) R(%) P (%)

FI (%) R (%) P (%)

F1 (%) R(%) P (%)

(" HEC (Kumar et al. 2018)

56.5

77.8

765 778 )

CRF-ASN (Chen et al. 2018) 56.5 76.0 75.6 78.2
\_CASA (Raheja and Tetreault 2019) - - 35,7 - 78.0 76.5 779 J
([ DialogueRNN (Majumder et al. 2019) 41.5 42.8 - 40.3 - - -

DialogueGCN (Ghosal et al. 2019) 42.4 43.4 43.1

oimntDA erisara et al. 2018 .0 41.6 .6 j 3 4. D.

M (Kim and Kim 2018) 394 40.1 56.3 33.0 75.7 74.9 76.5
. DCR-Net + Co-Attention (Qin et al. 2020a) 45.1 47.3 60.3 45.4 79.1 79.0 9.1 |

Our model 48.1%  53.2%  44.0% 60.4 | 51.0% 79.4 78.1  81.0%

OOur framework outperforms the state—of-the-art
dialog act recognition and sentiment classification
models which trained in separate task in all metrics
on two datasets.

OWe obtain large improvements compared with the
state—of-the-art joint models.



Ablation

Model Mastodon Dailydialog
SC (F1) | DAR (F1) | SC (F1) | DAR (F1)

[ without cross-tasks connection 46.1 58.1 49.7 782
_without cross-utterances connection 449 58.7 48.1 78.2 |
[ separate modeling 46.7 58.4 45.6 783 )
| co-attention mechanism 46.5 59.4 46.2 79.1 |
| without speaker information 46.4 J9.0 47.6 19.2 ]

Our model 48.1 60.5 51.0 79.4

OAnalysis

OEffectiveness of the Mutual Interaction Information
ClEffectiveness of the Contextual Information
CSimultaneous Modeling vs. Separate Modeling
ClEffectiveness of Speaker Information



Results on pretrained models

Mastodon Dataset FF1 Results
0.7 -

-y Mastodon

Model SC DAR
8 ' ' Fl(%) R(%) P(%) | F1(%) R (%) P (%)
04~ - i - RoBERTa+Linear 55.7 54.4 59.7 61.6 61.8 61.4
0 - Co-GAT+RoBERTa 61.3 58.8 64.3 66.1 64.8 67.5
s | XLNet+Linear 58.7 60.9 56.6 62.6 61.8 63.4
' Co-GAT+XLNet 65.9 65.8 66.1 67.5 66.0 69.2

0.1 - Our model
DCR-Net+tBERT

0.0 T T
Sentiment F1 Dialog Act F1

OAnalysis

C0The BERT-based model performs remarkably well and
outperforms the baseline (DCR-Net + BERT)

C1Our contribution from Co-GAT does not fully overlap with
contextualized word representations (Roberta, XLNet)
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Conclusion

OWe make the first attempt to simultaneously incorporate
contextual information and mutual interaction information for
DAR and SC.

OWe propose a co-interactive graph attention network, achieving
to model simultaneously incorporate contextual information and
mutual interaction information.

OOur model achieves the SOTA performance and is also
beneficial when combined with pre—trained models (BERT,
Roberta, XLNet)
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Combining Self-Training and Self-Supervised Learning

for Unsupervised Disfluency Detection

Shaolei Wang, Zhongyuan Wang, Wanxiang Che, Ting Liu

School of Computer Science and Technology
Harbin Institute of Technology, Harbin, China



Disfluency Detection

Reparandum m

I want a tlight fo Boston um I meanto Denver

- h




Disfluency Effect on Machine Translation

ASR output Normalized
R R
|like the red,um, the blackcat W) | like the black cat

l Disfluency removed 1

Disfluencies
WERAE, W, HEH = WK EH
| like the red color, um, the black cat | like the black cat

Better



Our Motivations

OUnsupervised Disfluency Detection
O Utilize Self-Training method as the main framework

M-l

Train teacher modem lnter pseudo-labels
with labeled data ) kon unlabeled data

Data augmentation ~ Train equal-or-
Sy larger student model Make the student a
Dropout -
/ with combined data new teacher

Figure 1: Illustration of the Noisy Student Training. (All
shown images are from ImageNet.)

steel arch bridge canoe
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Our Motivations

OUnsupervised Disfluency Detection

O Utilize Self-Training method as the main framework

O Utilize self-supervised learning method to train weak model as the
teacher model

O Utilize self-supervised learning method to train a sentence
grammaticality judgment model to help select sentences with high-
quality pseudo labels



Our Model

unlabeled news data

s1: i like the cat
s2:ido n’t know

s3: i said that is unfair
s4: i live there

pseudo data
for disfluency

pseudo data for

s2: i do n’t think know s4: i live there ||| right grammaticality model

[51: i like the the cat

— —

: Infer and select sentences Train grammaticality
Tﬁilphtsgggggggsael}—)[ with high-quality pseudo 4—( judgment model with

labels pseudo data

Train student model with make the student a new
selected sentences teacher

s3: i said is unfair ||| errorJ




Experimental Setting

O English ELECTRA-Base model as initialization

[0 Dataset

O Valid data: English Switchboard corpus

[0 Test data:
O English Switchboard corpus
0 CallHome
O SCOTUS
O FCIC

O Pre-training dataset: News Discussions from WMT2017
O Dataset for self-training: Fisher Speech Transcripts



Experiment results

O Experiment results on on the Switchboard dev set

Method P R F1
Transition-based 919 85.1 884
BERT-Base fine-tuning 922 89.8 90.9

ELECTRA-Small fine-tuning | 91.6 89.5 90.5
ELECTRA-Base fine-tuning | 929 91.2 92.0
Teacher fine-tuning 925 921 923
Unsupervised teacher 86.8 62.0 723
Our unsupervised 90.2 89.1 89.6




Experiment results

[0 Comparison with the previous state-of-the-art methods

Method P R F1

UBT (Wu et al., 2015) 90.3 80.5 85.1
Bi-LSTM (Zayats et al., 2016) 91.8 80.6 85.9
NCM (Lou and Johnson, 2017) - - 86.8
Transition-based (Wang et al., 2017) | 91.1 84.1 87.5
Self-supervised(Wang et al., 2019) 934 87.3 90.2
Self-training(Lou and Johnson, 2020) | 87.5 93.8 90.6
EGBC(Bach and Huang, 2019) 957 88.3 91.8
Our Method 88.2 87.8 88.0
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Performance on Cross-domain Data

Method CallHome | SCOTUS | FCIC
Unsupervised teacher 45.7 63.9 43.2
ELECTRA-Base 60.9 79.4 62.8
Teacher fine-tuning 63.7 81.9 64.3
Pattern-match 65.2 79.9 66.1
Our unsupervised 60.2 80.3 63.3




Ablation Test

Method SWBD | CallHome | SCOTUS | FCIC
Teacher 72.3 45.7 63.9 43.2
No-select 83.4 55.9 70.4 56.1
Select 89.6 60.2 80.3 63.3
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Power of grammaticality judgment model

CoLA In-Domain Open Evaluation
Public access to ColLA in-domain test set

69 teams - 9 months to go

Overview Data Code Discussion Leaderboard Rules Join Competition

Public Leaderboard Private Leaderboard

This leaderboard is calculated with all of the test data 4 Raw Data C Refresh

H Team Name Notebook Team Members Score @ Entries Last
N

1 yzzz2aa b | 0.73876 3 3
G\

2 hepc001 B | 0.73641 10
N -

3 gramma B | 0.73298 1 8mo

e —
e 2\ ;
4 BigBird — 0.72691 40  3mo
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Conclusion

O We explore unsupervised disfluency detection by
combining self-training and self-supervised learning

O We showed that it is possible to completely remove the
need of human-annotated data and train a high-
performance disfluency detection system in a completely
unsupervised mannetr.
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