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Background

¢ #) The soccer game is over, you're too late.
L ¥ )

Mary

What’s the result of the game? I hope
Roman wins this soccer game. Rowan's
team is so strong.

I have some temporary things to do, @

George

(o -’ As much as | want Rowan to win, he
&5  has a tough team to compete against.
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Mary Rowan lost the game in the end. :
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i1 [Sad|
...... I hope Rowan wins the next game. @
St
[Disappointed] * * George

(6 'o, Belief Rowan is difficult to win the game.

4&5‘)‘

Emotion analysis
based on the Belief-Desire Theory of Emotion

(1)

Rowan lost the game. (/)

Desire  Rowan wins soccer game

Emotion [Sad|

Belief  Rowan can win the game. (-1)
‘:G:' Rowan lost the game. (1)
Desire  Rowan wins soccer game

Emotion [Disappointed|
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Emotion  recognition  In
conversation (ERC) IS

essential for dialogue systems
to identify the emotions
expressed by speakers.

The task of ERC requires not
only the semantic information
of the utterance itself but also
the context modeling of each
utterance.

Accurate recognition and interpretation of similar fine-grained emotion properly accounting for individual

variability remains a challenge.
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Research status

Graph-based
Sequence-based
Commonsense knowledge-based

Individual-level
cognitive processes
underlying emotions

To address this challenge, we turn to the Belief-Desire Theory of Emotion (BDTE) , which
provides a psychological framework to understand emotion in conversation via complex
Interplay between individual beliefs and desires.
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Our work
individual-level We introduce the Belief-Desire theory to the emotion recognition in :
.. conversation (ERC) task, for more nuanced and accurate modelling of
cognitive processes individual emotion.
underlying emotions We constructed an emotion-belief-desire conversation graph to support

knowledge representation and inference based on key principles in BDTE.
The graph captures the utterance context, speaker's global state, and
supports the inference of beliefs and desires.

We extensively evaluated our method on four commonly used ERC
datasets, demonstrating its superiority and effectiveness.

Emotion-eliciting events + Heterogeneous conversation graph
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BDTE
Emotion if Belief at ¢ Desireatt Beliefatt —1
Happy/Joyful Certain(e, t) Des(e, t)
Sad Certain(e, t) Des(—e, t)
Excited Uncertain(e, t) Des(e, t)
Feared/Scared Uncertain(e, t) Des(—e, t)
Surprised Certain(e, t)  —(irrelevant) Bel(—e, t — 1)
Disappointed Certain(—e, t) Des(e, t) Bel(e, t — 1)
Peaceful Certain(—e, t)  Des(—e, t) Bel(e, t — 1)

The Belief-Desire Theory of Emotion emphasizes that emotion is not solely driven by
desire/motivation, but also by how one perceives the situation.
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Framework

Feature Extraction Conversation Graph Encoder Emotion Classification
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Feature Extraction

s =i e s e

g E ?é‘ .==N flén S« ?én 1) E1S Vv wey v W :

= T+ O S R S N R R — T 7

£

X

E RoBERTa -C:II Emotion-eliciting Events Extractor

B __ . - _
I S1 U1 Sz Uz S1 U3 53:U4 Sz' U5 53' U6 Sl U7 I qé
— 4 G— e Gmm— 4 ¢ Gmm— e % Gmm—— b § Gmm— 4 6 Gmmm s ¢ Gmm— S 4 Gmmm— s ¢ G s 4 G § ¢ Gmm— ¢ Gmm— 4 ¢ Gmm—— 4 ¢ Mmm— ¢ Sm— . — U

Utterance-level Feature Extraction Emotion-eliciting Event Feature Extraction

E = Matching(Parsing(U;)).
hy = RoBerta([CLS], w1, ws,...,wr,).

hi{ = Mazpooling(RoBERTa(e;)),e; € E.
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Emotion-belief-desire
Conversation Graph Construction

Utterance node
Speaker node
Emotion-eliciting event node

Utterance-utterance edge
Speaker-utterance edge
Desire edge

Belief edge
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Conversation Graph Encoder

speakers utterances emotion-eliciting
event
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Graph Transformer Network

We learn the node representation of the graph by using the graph transformer network.

AT
H= | o(D;'AVXW).
i=1

B

I _
lti — H'“.i'

Emotion Classification

We connect the utterance-level embedding representation of an utterance with the final node-

embedding representation of an utterance node and feed it to a feedforward neural network
for emotion classification:

2 = h¥||ul.
Pr.i = Softmax(W.z; + b.).

Ypi = Argmaz(pg.;)-
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Dataset

Dataset |IEMOCAP DailyDialog MELD EmoryNLP

Train 100 11118 1038 713
#Dia Val 20 1000 114 99
Test 31 1000 280 85
Train 5236 87170 9989 9934
#Utt Val 574 8069 1109 1344

Test 1623 /7740 2610 1328
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Performance comparison with different methods

Model IEMOCAP DailyDialog MELD EmoryNLP
Metric weighted-F1  micro-F1 weighted-F1  weighted-F1
CNN(Kim, 2014) 52.04 50.32 55.02 32.59
KET(Zhong et al., 2019) 59.56 53.37 58.18 34.39
DialogueRNN(Majumder et al., 2019) 62.57 57.03 57.03 31.70
DialogueGCN(Ghosal et al., 2019) 64.18 - 58.10 -
RGAT-POS(Ishiwatari et al., 2020) 65.22 54.31 60.91 34.42
DialogXL(Shen et al., 2021a) 65.94 54.93 - 34.73
DialogueCRN (Hu et al., 2021) 66.20 - 58.39 -

Cosmic (Ghosal et al., 2020) 65.28 58.48 65.21 38.11
SKAIG-ERC (Li et al., 2021) 66.96 59.75 65.18 38.88
CauAIN(Zhao et al., 2022) 67.61 58.21 65.46 -

CISPER (Yi et al., 2022) - - 66.10 39.86
MPLP (Zhang et al., 2023) 66.65 59.92 66.51 -

RoBERTa (Liu et al., 2019) 63.38 58.08 62.88 37.78

Ours 68.22 60.22 64.27 40.62
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LREC
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Ablation Study
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Effect of GT Layer and Channel Numbers
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Case Study

Emotion-eliciting event Rowan wins . Rowan wins the
[ want Rowan to win Rowan lost the game

soccer game next game
. Utterance
o

ﬂ Speaker

I have some temporary things to do,

What's the result of the game? I hope As much as I want Rowan to win, he
The soccer game is Roman wins this soccer game. Rowan's has a tough team to compete against. | [ ... I hope Rowan wins
over, you're too late. team is so strong. Rowan lost the game in the end. the next game.

JaE” T

= Speaker-Utterance

= Utterance-Utterance
e Belief

Desire

Mary George
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Conclusions

We proposed an approach based on the Belief-Desire Theory of Emotion for conversational
emotion recognition.

We construct an emotion-belief-desire heterogeneous conversation graph to model the

context modeling, speakers' global state, and belief and desire inference between emotion-
eliciting events and utterances.

We conducted extensive experiments, the results verify that our proposed method for ERC

based on belief and desire inference achieves superior performance than multiple state-of-
the-art methods.

Future work

How to better model the belief-desire representation of emotions is worth further research.



Thanks for your attention!



