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- Introduction -‘3-

Human communication i1s multi-modal with textual , visual and audio channels, and also multi-
affective in that different types of affects. The interactions of different modalities and inter-
correlations between different affect types bring opportunities as well as challenges for multi-modal
affect detection, especially in a conversational context.

We construct the first Chinese multi-modal multi-affect conversation dataset annotated with the
sentiment, emotion, sarcasm, and humor labels, along with well-illustrated quality control and
agreement analysis.

We make the first attempt to manually annotate the relevance intensity between sentiment and

emotion, and between sarcasm and humor.

We show a comprehensive statistics of the dataset, covering the distribution of TV sources,

characters and affect types.

We propose a multi-modal multi-affect joint detection model to evaluate CMMA. The results of
SOTA baselines using different feature combinations suggest the need for multi-task learning
models.
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Dataset Type Size Modality Resource Language Annotation ézﬁgﬁiﬁl Inzfern?lj;gun Topic
YouTube Video 47 Text, Image, Speech  YouTube English Sentiment X X X
MOUD Video 498 Text, Image. Speech  YouTube English Sentiment X X X
MOSI Video 2,199 Text, Image, Speech  YouTube English Sentiment X X X
CH-SIMS Video 2281  Text, Image, Speech  Movie, TV Chinese Sentiment X X X
IEMOCAP Dialogue 10,039 Text, Image, Speech  Performance  English Emotion X X X
MELD Dialogue 13,708  Text, Image, Speech TV Show English Sentiment, Emotion X " 4 X
MEISD Dialogue 20,000 Text, Image, Speech TV Show English Sentiment, Emotion X X X
ScenarioSA Dialogue 24072 Text Social Media  English Sentiment X X v
MUSIARD Dialogue 690 Text, Image, Speech TV Show English Sarcasm X X X
Twitter Tweet 24,635  Text, Image TV Show English Sarcasm X w4 X
Silver-Standard  Instagram post 20K Text, Image, Speech TV Show English Sarcasm X X X
MHD Dialogue 13,633  Text, Image, Speech TV Show English Humor X X X
BBT Dialogue 39769  Text, Image, Speech TV Show English Humor X X X
UR-FUNNY TED talk 16,514  Text, Image, Speech TV Show English Humor X v 4 v
MUMOR Dialogue 19,103  Text, Image, Speech TV Show English, Chinese  Sentiment, Emotion, Humor X v 4 X
MaSaC Dialogue 15,000  Text, Image, Speech TV Show English Hindi Sarcasm, Humor X "1 X
Sentiment, Emotion, Sarcasm,
Memotion Internet Meme 8,871 Text, Image Social Media  English Humor, Offensive, Motivational X X X
Sentiment, Emotion, Sarcasm,
CMMA (Ours) Dialogue 21,795  Text, Image, Speech TV Show Chinese Humor, Pride, Love v’ v v’
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The Conversational Topic The Speaker-Aware Knowledge Multi-Modal Conversation Multi-Affection Label o*
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A 7/ A Y A
II i / Name: Wei Zhang (3k{F) \‘ Pleasa l6hd me ancther bie \ I Sen:. Neutral, None, None 1
1 i ' Gender: Male (£ %) hiihdred \ Emo: Neutral
e a I yuan. 1 Sar- Fal I
| Profession: Beginner lawyer (375 F) [ b I ar: False
| : ! Age: Young (S 4) I I (i fics— A SkiE. ) | | Hum: False !
I : | WelZ hang | Personality: He is sensitive to money, I | Wei Zhang I I - - <!
I | | ) ) a_nd very stir?gy, but his is also kilnd, | . (k) Why don’t you buy a piece of tofuq\ " 1| gen:. :egatlve, None, None | |
I ; ' "ﬁh;?f’;ﬁ‘ T"e;}gl?';nd{ ’?ﬁl :; [frf.'?fjls' ' I and kill yourself on it? I : S::?' T&geer :
ic: i 1 (xS SN T or i, LA R IR I UREAR L LT EIEH 1728 i
| Topic: Wei Zhang | ; BAMERE. EX BEAHAME. )| ) 1 | | M Hum: True ) i
I wentto Yumo Qinto : i 1 Yumo Qin | " |
I borrow money for I | CRAE) 2 |
bt : I : ; I g2 - - i
! picking up the girl ; [ Sama: Yimo S (Sim) I J You still want a ticket? Are you | ' [ g Sen: Negative, None, None) 4
] | Gender: Female (Z %) 1 Al of VoUE iR 1 | Emo: Anger |
1 and was laughed at | i Profession: Beauty service (£ Z/Fa) ! e it y Skl I Sar: True
| again by Yumo Qin | Age: Young (&) (AR 3, BT 3K 7 1E2) @ i ' |\ Hum: True )|
I and Zigiao Lv b Yumo Qin | Personality: She has a beautiful Yumo Qin I 1 |
| ’ : | (&R appearance, good taste, but she s also 1 4 Stop criticizing him, he is just (FHR) " I Sen: Neutral, None, None ) !
) — | self-willed and swellheaded. 1 looing for his brain. | I Emo: Neutral |
" (. skfhikiks : 1 (st PR, B, Sk, B2 I : & ONFH AR EANTY) i | Sar: True l
) B £ A H T L E— (T, AR : Hum: True 1
| {}E‘;E%E lfjfn _F? | : TR AR ) : | Zigiao Lv 1 : —_— ——— ~ |
| AR ZR SI= ¥ BT [ s Sen: Neutral, None, None |
1R : ! Name: Zigiao Lv (2 F5F) ! : ( . Just ask her out. : I Emo: Neutral :
1 | I Gender: Male (£ %) I | — RS £ ok, ) I 1 Sar: . False I
| I ! Profession: Yob (7 k% E) ! I Yumo Qin | I\ Hum: False &
! Age: Young (&%) ! ' —
: . | Zigi Personality: He is a gutless playbo I ! Enm | 1 Sen: Positive, None, Love | |
I I | L(lﬁla;ﬁL)v bt i Jovdl t(‘) friends. He finally ybay, | | It's so sudden. | am not ready yet. 1 | Emo: Happiness |
: I | " becomes a good husband and father. | ! CRRIET, — i A ! 1 f‘a': : ,Em'se I
' \ (B, WUMAE, BREET & [ g V. Wei Zhang 4 I dm: False I
! l \ R A SRR R ) y e / : b
A} /7 -~ rd Py P \ /
o - s oo oo ren o — " —. oo, -l - e e e o o —— —— —— ———— — ———— - o e o — — — —— -

Each utterance is annotated with sentiment (including pride and romantic love), emotion, sarcasm and humor labels. Considering that the

external knowledge implicitly influences the speaker’s affective state, the speaker’s background (i.e., name, profession, sex, personality) and

the topic of each conversation are provided.
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TV Show

“HK M%7 (My Own Swordsman)
“% 2> %" (iPartment)
“¥, T 338 357 (The Safe House)
“H F P69 E F (The Story of Cooking Class)
“F H JL%" (Home with Kids)
“48.42 89 % 47 1 X (Beautiful Daughter-in-Law)
“H R (Ode to Joy)
“ERBELF (All Ts Well)
“= 8% 3L (Romance of Three Kingdoms)
“3L 4 %1% (Romance of Our Parents)
“A &894 3L (In the Name of People)
“#& 5" (Fu Gui)
“#% 49 F] K 4, 69 B (My Chief and My Regiment)
“gk 5 4R F LB K. (Ji Xiaolan)
“é‘l L1 %" (Day and Night)
“3 I 3£ (Guilty of Mind)
“X il” (Destiny)
I3 L84 4 %7 (The Bad Kids)

Dataset Construction

Video ID : 66
Speaker : B/ (Xiaoxian Zeng)
The utterance content:

PSP R

What kind of sentiment is in this utterance? Is there sarcasm in this utterance?
> Positive o Yes @ No
« Neutral Is there humor in this utterance?
> Negative * Yes No
What kind of emotion is in this utterance? Is there pride in this utterance?
Joy Sadness o Yes ® No
® Surprise © Anger The correlation between sarcasm and
> Disgust © Fear © Neutral humor
What kind of love in this utterance? o -2 -l e0 ol 62
> Immediate love The correlation between emotion and
Growing love sentiment
Empty love @ Non-love 0-2 ® -1 030 2

Attention: Please keep quiet, objective, independent and rigorous during the labeling process! Don't
pasting and copying! And a 5-level annotation in [-2, —1, 0, 1, 2] is used, where the sign stands for
whether an affect contributes to the other or the other way around.

Quality Control
| Amotstion =

CMMA:A Chinese Multi-Modal Multi-Affective Dataset (Translated into English)
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Division and Statistics

Table 2: Statistics of CMMA. (t,v,a) = (text, video, audio).

Item | Train Dev Test

#Modalities | (t,v,a) (tv,a) (t,va)
#Conversations | 1800 600 600
#Utterances | 13788 4046 3961
#Speakers | 299 78 119
#Words | 115434 35487 34,521
#Unique words | 2,677 1,842 1,988
#Video duration | 9.2h 3.0h 3.0h

#Average utterances per conversation | 7.7 6.8 6.6
#Average words per conversation | 64.1 59.1 ¥ f
#Average words per utterance | 8.4 8.8 8.7
#Average duration of a conversation | 18.5s 18.4s 17.8s
#Average duration of an utterance | 2.4s 2.7s 2.8s
#Average turns per conversation | 3.7 3.3 32
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anger ).050.030.040.060.060.04 08
positive 0.07 08 sadness 0.06JED.020.040.050.070.03 o8 4 ~N
T i 3 joy 0.030.0218410.070.040.020.11 i sarcastic 0.11 R
f i 002 ‘mmﬁn@ﬁw 3 (1) Percent agreement calculation
E | et = disgust 0.090.060.020.0; ).050.11 —-é
negative- 0.04 ki m:::‘: ::::E::f:::ﬁ:::::i% | = non-sarcastic 0.09 apprO aCh . 8 8 . 8 %9 7 1 . 5 %) 8 6 . 8%9 94 . 5 %9
g E g g E g | % sarcastic non-sarcastic 82.5%, 94.9%.
Predicted label Predicted label Predicted label
(a) Sentiment annotation. (b) Emotion annotation. (c) Sarcasm annotation.
immediate ).0000.0000.098 i
- 5 Prde o E—— e (2) Fleiss’ kappa score: 0.85, 0.69, 0.68,
z K o é empty-0.0000.000 fos
E E 0.4 none 0.0020.0020.001 " Oo 85, 0.7 1 D) O. 83 .
non-humor 0.03 " non-pride 0.04 £ % > & Hoo
| ; - E &
humor non-humor pride non-pride g
Fibiernd b Predicted label Predicted label
(d) Humor annotation. (e) Pride annotation. (f) Love annotation.
Table 2: Inter-agreement comparison between CMMA and other datasets. Compared with other related datasets,
Affection CMMA (ours) MOSI MELD IEMOCAP ScenarioSA MUStARD EmotionLines MUMOR MaSaC MEISD we have attained the highest inter-
Sentiment 0.85 0.77 048 0.57 0.57 - 0.84 - 0.75
Emotion 0.69 - 043 0.40 - - 0.33 0.45 - 0.67
Sarcasm 0.68 .« w o . 058 - f 065 - agreement scores on all tasks
Humor 0.85 - - - - - - 0.81 0.68 -
Pride 0.71 - - - - . - . ,
Love 0.83 - - - - : = = : 3
Num. of Annotators 9 5 3 6 5 3 5 3 5 4 \ j
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I Please lend me another i
Context ! two hundred yuan.

i Why don’t youbuya |1
Text: piece of tofu and kill
i yourself on it? !
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Figure 5: Multi-modal multi-affect joint detection model.
Table 4: Comparison of different models.
" Sentiment Emotion Sarcasm Humor
Model Text Yideg,  camilio M.FT P M.FT P K MFT P K M.
BILSTM 50.36 5122 5074 4152 62.12 4474 5643 50.64 5229 43.69 559 49.05
Text BERT 56.77 5551 5489 5185 70.87 56.18 5456 5388 53.61 515 56.94 54.08
GPT-2 53.88 38.01 5435 4533 4437 4521 5141 5348 5242 4481 6439 5285
GPT-3 - 5466 5421 5443 4872 4765 4818 5327 5487 5406 4984 4721 48.49
Video - EfficientNet 42.86 45.12 4284 3808 61.58 42.18 4677 61.66 53.19 38.06 528 44.23
ResNet - 48.92 5153 4940 4765 4789 4766 57.66 5784 5775 41.84 55.69 47.78
Audio - - VGGish 4115 62112 4489 3324 2670 30.64 4219 4354 4285 3498 4481 46.84
BILSTM  EfficientNet - 49.68 5233 5020 40,51 39.69  40.10 4570 57.17 50.80 44.67 58.18 50.53
BiLSTM ResNet 48.77 5127 4930 3668 48.86 3749 5069 57.17 5374 4251  6l7 50.34
Text+Video BERT EfficientNet 6547 6988 06675 41.16 o6l.68 4429 5574 5835 57.02 5359 619 58.44
BERT ResNet 67.32 7336 6889 5624 68.54 57.82 67.84 06569 66.75 52.03 66.25 58.29
GPT-2  EfficientNet 58.13 6424  59.17 3808 61.58 4218 4545 5605 5020 46.02 6335 3331
GPT-2 ResNet - 59.09 6632 6003 4217 61.80 4591 5055 61.65 5556 4575 646 53.56
Video+Audio - EfficientNet VGG?sh 49.22 5021 4827 4115 62.12 4489 3859 59.19 4673  40.89 o64.18 4996
- ResNet VGGish 52.47 5352  51.62 5212 51.04 5144 4212 35874 4906 42.63 65.84 5175
BILSTM - VGGish 4697 4955 4684 4313 6483 4682 4085 6659 5064 4223 6418 5094
Text+Audio BERT VGGish 5441 5525 5574 4693 063.31 50.36  43.57 6839 5322 4899 6522 5595
GPT-2 - VGGish 51.41 5348 5242 4523 6698 4944 4152 69.73 5205 4529 6377 5297
BERT EfficientNet VGGish 69.59 7398 71.12 5303 7437 5736 6938 6502 67.13 63.76  69.57 66.53
TextiVideo L Aiidio BERT RgsNel VGG%sh 71.64 7631 7329 56.71 76.32 61.76 7628 7422 7523 76.47 7536 7591
GPT-2  EfficientNet VGGish 65.66 6947 6686 4706 7371 5149 5895 6278  60.8 58.16  62.73  60.36
GPT-2 ResNet VGGish  71.76 74.87 7288 5209 73.82 56.17 7444 67.26 70.67 65.80 73.29 69.34
Trimodal vs Bimodal (%) - - +0.6 +4.0 +0.4 +0.8 +11.3 +0.8 +124  +64 +12.6  +42.6 +13.7 +29.6

~

Textual Feature Extraction:

Visual Feature Extraction: EffcientNet,
ResNet

Acoustic Feature Extraction: \VGGish

For each modality, the encoded utterance is
concatenated with its encoded context, and the
unimodal contextual features are combined by
multi-modal fusion. The obtained multi-modal
representation is then passed through task-specific
dense layers for each affect detection task. The
labels of all tasks are produced in the forward

pass, where we set different weights for different

tasks. )
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Table 5: Comparison of different multi-modal fusion strategies.

Trimodal Sentiment Emotion Sarcasm Humor
Accuracy Validation  Test  Validation  Test  Validation Test  Validation Test
Multi-head Attention 74.81 78.48 72.24 77.09 82.44 85.64 84.31 86.15
Concatenate 76.76 76.31 73.14 76.32 82.22 84.28 85.06 85.88
Add 71.62 77.39 1333 76.36 82.37 84.86 85.06 82.93
Multiply 69.85 7222 70.39 1303 1877 78.54 80.91 81.31
Maximum 75.95 76.38 74.11 T2A7 81.25 83.13 81.66 7942

Table 7: Effect of the relevance between sentiment-emotion / sarcasm-humor.

Set Sentiment Emotion Sarcasm Humor
R M,FI _Acc M,FI Acc M,FI Acc M,Fl Acc
ST 117 T232. S8 P47 7197 83.13 73.21 7941

S— MTL: Emo. 71.61 7285 6176 76.32 - - - -
S — MTL: Sen. 214 52 6012 7359 - - - -

RaM 7431 7955 61.76 77.09 - - - -
S — MTL: Sar. . - - - 7422  85.64 73.77 80.46
S —MTL : Hum. - - - - 72.27  83.834 7451 85.42

RaM - - - - 75.23 85.64 7591 86.15
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* Few works (including the recent large language models) have set foot in multi-affect joint detection in conversations, largely due
to the lack of multi-modal conversation datasets with multi-affect annotations. We have filled this gap by proposing CMMA, the
first multi-modal multi-affect conversation dataset. CMMA consists of 21,795 multi-modal utterances from 3,000 multi-party
conversations. Apart from rich affect labels including sentiment, emotion, sarcasm and humor, the dataset contains annotation

relevance between affect types.

* We have performed comprehensive qualitative and quantitative studies for analyzing the dataset, and presented a range of
baselines to evaluate the potential of CMMA. The results demonstrate the quality of the dataset and indicate the need of novel

investigations in models in multi-modal multi-affect joint detection in conversations.
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Thanks for listening
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