pEp—y
T e B
S SarErarse -
. i
g

e -~ oo

i
1
i
i
&
8

> e y——— T
.’!_‘“l‘-.-u_-._-.....
e (W ikl
B

[l

"~y

—
-
]

BT ARENNABRE

B &R BFEARR -
IHEINRZESRAZE A ERWAAL

EAST CHINA NORMAL
UNIVERSITY




onmz%,m éﬁ%ﬁi%

2] EAST CHINA NORMAL
UNIVERSITY

5 | CONTENT

B EREEN

B FlISRERE
B EAERTE
m BRITEARER



| BRAFHES N

gﬁ IE%EE}’EIE%E?] ’F'éﬁ '%@5§ﬁﬁg MIT MlnSky (AI%:I’E\E 5&) a:*l 985
AT F7 “The Society of Mind” H#5H,
- Sk . AR AE T E NSRS RE TS
i ,fé.{ 83 "7 R, TIfETH3SCHIE AERY /R A AEE3R
L_‘;*\“j\‘tjf‘?i\ AAHE A 2 i ﬁ’%@‘) 1)
@9 =28 4 1%

T
Al
, K
|,/:\/’_"\ “ B S
s - /L. > )

X IN=80% B +20% & &



positive negative

Document-level

sentimant e el f The[ambience]was|nice}, but the[service was(not so great]

Aspect Term Extraction (AE): Opinion Term Extraction (OE):
i » ambience { 1* nice
i service { i* notso great

-

.=~ qections, Paragrapp =~

Sentence-level
sentiment analysis

: Aspect-level Sentiment ' Aspect Term Extraction and :
 Classification (SC):  Sentiment Classification (AESC): |
i« ambience => positive i1+ (ambience, positive)
i+ service => negative : * (service, negative)

Aspect-Oriented Opinion Term Extraction (AOE):
i * ambience => nice
i *  service => not so great

Aspect-level Target-based
sentiment analysis | sentiment analysis

Pair Extraction (Pair): Triple Extraction (Triple):
: * (ambience, nice)

i+ (service, not so great)

i i+ (ambience, nice, positive)
i = (service, not so great, negative)

Sentiment Classification Aspect-based Sentiment Analysis



1
i Document
1

I
I
| Yesterday morning, a policeman visited the old man with the lost money, and told him that :
 the thief was caught. The old man was very happy, and deposited the money in the bank. !

Emotion Cause Extraction (ECE)

1 !
1 1 1
1 .
i a policeman visited the old : i
! man with the lost money ;!
1 I [}
1 1 1
1 !
1 1 1

! happy e
happy memp 2nd told him that the thief i !

was caught

FlARTALHFE R
AL #9290 %, K9

Trigger
extraction|

Argument|
extraction

Sentiment
classificat

ion

\

_________________________________

Emotion-Cause Pair Extraction (ECPE)

1
1
(The old man was very happy, a policeman :
visited the old man with the lost money)
1

1

1

1

(The old man was very happy, and told him
that the thief was caught)

Event-level  Conversation
Sentiment al Emotion
Analysis Detection

| don’t think | can do this
anymore. [ frustrated ]

I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
I
—

[ T
i Well | guess you aren’t trying hard
: enough. [ neutral ]

Its been three years. | have tried
everything. [ frustrated ]

Maybe you’re not smart enough.
I [ neutral ]

| am smart enough. | am really good at
what | do. | just don’t know how to make
someone else see that. [anger]

Xia, Rui, et al. Emotion-Cause Pair Extraction: A New Task to Emotion Analysis in Texts. ACL, 2019
Hazarika, Devamanyu, et al. "Icon: Interactive conversational memory network for multimodal emotion detection.", EMNLP, 2018
Enhancing Event-Level Sentiment Analysis with Structured Arguments, SIGIR, 2022
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Finetuning on sentiment analysis tasks

, I'm a
:%' Bert Sentiment Knowledge-Enhanced PTM

Rich semantic information

Continual Pre-training with Sentiment-aware Loss
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Class

Label

=

2 ERES

BERT

E[CLS] E1 Ez EN

LI ,_‘Q“_\ i N |
[cLs] || Tok1 Tok 2 Tok N

Single Sentence

NLURY S —R¥T &

System MNLI-(m/mm) QQP QNLI |SST-2

392k 363k 108k 67k
Pre-OpenAl SOTA 80.6/80.1 66.1 82.3 93.2
BiLSTM+ELMo+Attn 76.4/76.1 64.8 79.8 90.4
OpenAl GPT 82.1/81.4 70.3 87.4 91.3
BERTgAsE 84.6/83.4 112 90.5 93.5
BERTLARGE 86.7/85.9 72.1 92.7 94.9

Devlin, Jacob, et al. "Bert: Pre-training of deep bidirectional transformers for language understanding.". NAACL. 2018
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Example:
& 22
O #BERTHTABSAfES (ASC) LOCATION?2 is central London so extremely expensive,
O Hkhk: AspectflAal FRIZE LOCATIONTI is often considered the coolest area of
London.
HBABSAR L A F X 53 28 QA-M:
. _ What do you think of the safety of LOCATIONI1 ?
5PLM#Il % B #r—3
Aspect Sentiment
Madel Acc. F, AUC  Ace. AUC
Methods  Output  Auxiliary Sentence LR (Saeidi et al., 2016) - 393 924 875 905
QA-M S.P Question w/o S.P. LSTM-Final (Saeidi et al., 2016) - 68.9 89.8 82.0 854
NLI-M S.P Pseudo w/o S.P. LSTM-Loc (Saeidi et al., 2016) - 69.3 89.7 819 839
o , T LSTM+TA+SA (Maet al., 2018) 664 767 - 86.8 -
QA-B  {yes,no}  Question w/ S.P. SenticLSTM (Maetal,2018) 674 782 - 893 -
NLI-B  {yes,no} Pseudo w/ S.P. Dmu-Entnet (Liuetal, 2018) 735 785 944  91.0 9438
BERT-single 73,7 81.0 964 855 84.2
Table 2: The construction methods. Due to limited BERT-pair-QA-M 794 86.4 97.0 93.6 96.4
space, we use the following abbreviations: S.P. for sen-  BERT-pair-NLI-M 783 870 97.5 92.1 96.5
timent polarity, w/o for without, and w/ for with. BERT-pair-QA-B 792 879 971 933 97.0
BERT-pair-NLI-B 798 875 96.6 92.8 969

Sun C, Huang L, Qiu X. Utilizing BERT for Aspect-Based Sentiment Analysis via Constructing Auxiliary Sentence. NAACL. 2019
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O ¥BERTHTFABSA{ES (Triple Extraction)
O #Hkkk: AspectflAl FHIZEH
EABSAE Z L A RIRIRAR(E S

_______ S P.@.D.B.@Hﬂqéw_Pe%e_t?!@n______ Classfosion _ Spen Bowrdlesy Detection
start [o| |l [0] [0] [o] | | 'o ol |0 _‘ 0] start
end [0] of [o] [o] { A B| polanty& 0 o o‘ o end
B S S . S S S 44
Joint Learning
BERT Encoder PR BERT Encoder
Parameter
Sharing
ST &&5&“ T CEEEEEE R
é ﬁj 5 B EEENE N EEEN
CLS @ & m g 5 5 & | 5 @
[cLs = g E [SEP]: 3 % 5 -4 g |[SEP] [cLsj 3 § :g [SEP].a §8 28 § % g|ise)
8 | 8 § Z S )
Query 1 ' Query > ' '

Mao, Yue, et al. "A joint training dual-mrc framework for aspect based sentiment analysis." AAAI. 2021.
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MERIERFIIR A IR % 3k: GraphRAG
iR, Bl#EHowNet, ConceptNet. SenticNet AN ERE
AEER. AER EiRERE (city A city W)

| Graph Convolutional Networks l

? Sentiment
Sentiment
Step 1: Knowledge Graph Training \ Step 2: Domain-adversarial Training Classifjcation Y Y L—j,—__\.
‘ { _ \Q?,Q [elels! I I ) ?
( N7 AR Y
: mg o }dcmal specific @ :::‘n::moeneml GCN autoencoder : ."i “T.‘:"".’Y\ o . MI:{PA | Multi-Head Attention La } I | Multi-Head Attention Layer |
3 L > 0 )T —+—1 1 T T T e U B |
g -4 AT z - oz 2t @ @ [ Z oz & e B
5 s : = g | L e @ > > @ ® Q @
§ » .‘i\_.g/\”- .,., 3 i ! a= st H Commonsense Graph : @ @ @ @ @ = @ @ .1 Q @
£ o0 ' Feature Extraction &' | Positon Embedding © S ©
85 @ . / GCN ’
£ : A ! ! I
oS TP |
I
t |

Domain-

| *
\ discriminator [:] 4 i X
Zaing == Laa, Desr Embedding o o ©
gradient-reversal L; au r Q @ |

w1 w2 w3
—.J; 2

Filtering with seed concepts K GCNT
Graph R

’ ,O 5 o] Construction SR A e

® YTV gl | : S
Q i.’ i I+ h hy hy s i -

‘g g&%g\ ?" g. g 8 ‘?cls | . S
a 5 2 Z ™ Ziamn ;. e
@ a = Bi-LSTM &=
Q @ |
c
<]
o X

1
| ;

o] evi
: oooooo

@00 —
:000—

Sentence Commonsense Knowledge Sentence

Ghosal, Deepanway, et al. "KinGDOM: Knowledge-Guided DOMain Adaptation for Sentiment Analysis." ACL, 2020.
Zhou, Jie, et al. "SK-GCN: Modeling Syntax and Knowledge via Graph Convolutional Network for aspect-level sentiment classification."KBS, 2020
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ls,:‘;:::“::: product fast appreciated (1)

’ Transformer Encoder ‘

_ | tcLst || this | [masi| | came || really |[masig|| and || 1 [[masg|| w | ..
Sentiment
1 = T3 1 T
aspect-sentiment pair sentiment word
Rating Sentiment-aware Word Sentiment Emoticon
Prediction Word Prediction Prediction Prediction
Pre-training
Objectives
|[CLS]H ry H T || T3 || Ty ]l Ts5 || Ig || T7 [[ Ts || 9 H 10 H T ‘
A A A A A A A A A A
Transformer Encoder
A 0 A A A A A N 4 A A A
o —_— |[CLS]‘ fast ‘ and ||[MASK] service 5 ||[M/\SK]|| was Hprctty| good | ; H[MASK]]

Masking

fast and  cheerful service 5 food was  pretty  good

SKEPi)l|4: B #5:
|5 B 3R] F
O 75 A F

14 R R tr e Y
%5 L2 miB#HSOTA

h&ﬂuﬂ&\EEﬁM
O FFRIBEFN
O [FH&AES

10N HEARFR AT LASE IR
90+ % BY AEFR

Tian, Hao, et al. "SKEP: Sentiment Knowledge Enhanced Pre-training for Sentiment Analysis." ACL. 2020.
Zhou, Jie, et al. "Sentix: A sentiment-aware pre-trained model for cross-domain sentiment analysis." COLING, 2020.
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Linguistic Knowledge Acquisition
from SentiWordNet

e

N

Context-aware Sentiment Attention

N\

Term | POS | SN | Pscore / Nscore Gloss (G)
good a 1 0.75/0 Having desirable or positive
qualities especially those suitable
for a thing specified
a 2 0/0 Having the normally expected

amount

éﬁnd = softmax(: - sim(it is not a good movie, GUH)M))
gaad
s(good, a) = Z, é’o)ud (Psmreg("u)ud - Nscoregjad) =062>0

polar(good, a) = Positive

/

Pei, Ke, et al.

1

Part-of-Speech Tagging

Word it | is | not | a | good | movie

POSTag (o (v | r |o a n

I

I Input: it is not a good movie |

Sentiment Embedding
\ Lsentiment (?gﬂtive)

Pre-training Task: Label-aware Masked
Language Model

,,,,,,,,,,,,,,,,,,,,,,,

ttTfttt ¢t t 1

[CLS] it is not a [MASK] movie [SEP]
BERT Embedding EjcLs) Eie  Eis  Enot  Ea  Epvask)  Emovie  Ejsep)
e e T i W N T R s T s S 7 o i
POS Embedding E, E, B E | E, o E, o8

/ ,qu,a;l!yﬁ,mbeddmg ,,,,,,,, S e Ehn mmn = — - . e
Sentence-level E

Neg ENe_q ENeg ENeg ENeg ENeg ENeg ENeg

ttTttt+ ¢t 1t 1

[CLS] it is not & [MASK] movie [SEP]
BERT Embedding E[CLS] By Eis Enot Ea  Emasg)  Emovie E[SEP}
s e ek s R e TR TR T o S T ey
' POS Embedding Ea Eo| LB, B | E, E, E, ol
: + + + + + + + 4 !
: Word-level :
| Polarity Embedding ISR AN G SNSSH ENEN NSO NENURN SR

Subtask#2: Late Supervision

SentiLARE

5| N4F1E

O POS

O [R5 1FE
O [l FRH|[FE

S

i}ll % B¥x:
'llﬁ % 17]) Tﬁi J"J
%15 |F B T
|:| POS*T:’ZT'J Pl
O | F 152

"SentiLARE: Sentiment-Aware Language Representation Learning with Linguistic Knowledge" EMNLP. 2020.
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Finetuning ATS/BART AR BY/NEL KR EY

NLGHIE—R3TH
LLMsH F 15, 1EN. #HiEEs

ChatGPT

Rich generation abiltity

NLU double Kill

Continual Pre-training or Finetuning LLMs?
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O ETFHESFEINERNIFGERS
T BABSATFIES U A ERES
F—IEZRAIBEE RS
{§ F Pointer Network — i

(1 11T 1T Ti7T T 1

i 2 3 4 5 6 i NEU POS NEG

1
ﬁ : Sentimentclass @ —

S 6 S € (on on =B = = B 3 |
.AE Y [ 1 1 7aiya’i7"°]9 il I I N . . ; 1 2 3 4 5 6,7 8 9
+ + + + + + Pointer indexes | Class indexes
; s s e R e ‘ [
e OE:Y = [011017 103‘103'1"']3 e A
. i D S € D arget:
S AESC ;Y = [af 4§, 8] ; 505 05; 8] ; wals T 23y 5
L — S e S e S € S e
® Pair: Y = [a}, af, 0}, 0%, ...,af,a%,0f, 0f,...], e Y s 1 s e/ A
o Triplet: Y = [af,05 05,0587, s50] 5,0, : I Enbeing |
e P BART Encoder BART Decoder | ® Dot-product |
053 5; )5 | 3
e 1\ Index2Token ‘
Token Embeddings: ' : : Conversion |
+ + T+ ¥ ¥ Y+ lhdex
Position Embeddings: Generator

Encoderinput: <s> the batterylife is good </s> Decoder input:  <s> Ybattery‘life “good “good

Yan, Hang, et al. "A Unified Generative Framework for Aspect-based Sentiment Analysis." ACL, 2021.
Scaria K, et al. Instructabsa: Instruction learning for aspect based sentiment analysis[J]. arXiv, 2023.
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Teak | tSchems natance EUIGPTZ| O #ABBENEMLHEESRIRE
PER ORG
Enti PER: _ ORG:_ - TN 1y NS VA=] =
ty In 1997, Steve was excited to become the CEO of Apple. I N S‘t u rC‘t G PT O *EJ__:F,:J_ iz ﬂ: 5|E|:| L:E.iz BE j] 1= EIJ &E}l-

_ __—— Work For 3 AR 738 % s ' 2= 5] B
Relation | {_, Work for, ) In 1997, Steve was excited to become the CEO of Apple. I;ﬁ >z O Tl Eﬁ*';& B‘Q*E*I N 'EEZ: ﬁﬂ;u 'I:F x |ET'| =
Type Pgstﬂ{tlm Start-Position g—ﬂ‘gﬁg}lﬁ previous {?gl;-l?ﬁ;giﬁm : ;ZZ::::M :’Instructed Crigh-Desmier
Event | orer il . : ! S LU

Py In 1997, Steve was excited to become the CEO of Apple. e m e e e mmmmm e . Rt o s
= 1 positive
= 1
Positive { Positi g E: ]
- Opllon: B ositive Target ! vertical plane P & : o
Sentiment| dot ” , e . Entity
} - In 1997, Steve was excited to become the CEO of Apple. ! ) ; L
E @ : Relatiog Scoring Matrix
(a) Task-specialized IE 2 * |
LM Encoder —_— LM Decoder 1
1 1 : Instruction Pool
Entity PER: Steve ORG: Apple Input Text: Selected Instruction: : [ NER Instructions J [ RE Instructions J
<16-res> Find the polarity (whether

Unified
Generation

(b) Universal IE

Relation (Work for, Steve, Apple)
Event (Start-Position: become ...)

Sentiment Positive: excited

<16-res> The staff was extremely
accommodating and tended to my
every need.

positive or negative or neutral),
expression, aspect in the text.

[ EE Instructions ” ABSA Instructions J

Context:
Please rewrite the sentence ...
exhibit differences in syntax:

Manual Instruction:
<l6-res>Annotate the polarity
(positive, negative or neutral),
expression, aspect of the sentence

e S e

UIE Z{E5I%k

Lu, Yaojie, et al. "Unified Structure Generation for Universal Information Extraction." ACL, 2022.
Chen, Kedi, et al. "A Regularization-based Transfer Learning Method for Information Extraction via Instructed Graph Decoder." COLING 2024
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| KAS R RS DT

| Baseline LM SEM Fine-tuned Zero-shot
Task Dataset random majority | Flan-T5 Flan-UL2 text-0@3 ChatGPT | T5i4rge Task Datasets #Test  Metric N
- - (11B) (20B) (175B) (NA) | (770M) Baseline SOTA ChatGPT  + Human
Sentiment Classification (SC) SC SST-2 872 Acc 95471 97.50~ 93.12 -
D YIMlDbz z;gg :ggg gggg 3,7;38 g‘s’gg g;;g gzgg — 14-Restaurant 1119  Acc/F1 83947/75281 89.54/84.867 83.85/70.57 .
elp- i { : - ¥ : k R 1 T 5 B
Level Yelp-5 W R g ey i o | 14-Laptop 632 Acc/F1 77.851/73207 83.70/80.137 76.42/66.79
MR 4740 49.60 66.00 92-20 86.80 89.20 | 90.00 FOE.ARSA  \4-Restaurant 496 F1 77751 78.68° 69.14 83.86
Sentence- SST2 4920  48.60 72.00 96.40 92.80 93.60 | 93.20 - i + 5
Level Twitter 3420 4540 | 4360 4740 5040 6940 | 6773 Ilapiop = A 6600 W22 441 227
SST5 2140 2220 15.00 57.00 4520 4800 | 56.80 CSI Camera 661 Fl 93,045 R 74.89 _
Aspect-  Lapl4 3480  53.80 69.00 73.20 74.60 76.80 | 78.60 CEE Camera 341 Fl 3441° } 9.10 5108
Level Rest14 3400  65.60 80.80 82.40 80.00 82.80 | 83.67
Average 38.44 44.29 62.20 77.31 74.58 78.24 80.65 ECE Emotion Cause Dataset 100 F1 69.461 = 74.01 -
Aspect-Based Sentiment Analysis (ABSA) ECPE Emotion Cause Dataset 100 F1 65.20" - 52.44 -
Rest14 NA NA 0.00 0.00 47.56 5446 | 75.31
UAsa  RestlS NA NA 0.00 0.00 35.63 4003 | 65.46
Rest16 NA NA 0.00 0.00 40.85 75.80 73.23 Pozay $ E/J |EE /\ AL 1_33_ AZ E }i 1;% | zl:ﬁn \j&
Laptopld | NA NA 0.00 0.00 2863 33.14 | 6235 D (8] Bk 7] % N ;;J %+,
Restl4 NA NA 0.00 0.00 4143 4004 | 6520
asgp | RS | NA L NA | 000 000 3733 33sl | 578 ChatGPT can already serve as a universal and
Rest16 NA NA 0.00 0.00 41.03 4218 | 6594
Laptopl4 NA NA 0.00 0.00 27.05 2730 | 53.69 _ :
ASQP Rest15 NA NA 0.00 0.00 13.73 1046 | 41.08 Well behaved sentiment analyzer'
Rest15 NA NA 0.00 0.00 18.18 1402 | 5058
Average NA NA 0.00 0.00 33.16 37.09 | 61.06
Multifaceted Analysis of Subjective Text (MAST) D QH * l\L }_n_ E ,] |EﬁE /\ 1:)? 1£ Z: ﬁ- E | Ej
Implicit ~ Lap+Res | 3575  56.11 33.03 4253 4525 5498 | 67.12 - w7l T
Hate HatEval 4800 3631 56.09 70.80 67.79 5092 | 46.94 tﬁ 1 AZ
Trony Trony18 5096  58.96 2731 73.84 76.61 68.66 | 79.44 l: ﬂ ASTE E C P E EE
Offensive ~ OffensEval | 46.67  41.86 3278 74.44 7331 64.88 | 80.76
Stance  Stancel6 | 3394  35.82 20.74 61.10 39.96 5025 | 67.33
Comparative CS19 4936  73.89 54.46 85.67 74.52 7580 | 89.49
Emotion  Emotion20 | 22.87 13.92 4434 69.92 70.51 72.80 | 80.35
Average 4108 4527 38.39 68.33 63.99 62.61 | 73.05

Zhang, Wenxuan, et al. "Sentiment Analysis in the Era of Large Language Models: A Reality Check." NAACL, 2024.

Wang, Zengzhi, “Is ChatGPT a Good Sentiment Analyzer? A Preliminary Study”, Arxiv, 2024
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Unlabeled

Corpus

‘\
Weak Labeling with LLM

Large Language Model
GPT-3/ PaLM

Social Media ||

'i’

Labeling Method
In-context Learning
1.Task Demonstrations.
2.Chain-of-Thought to inject
domain knowledge.
3.Ensemble of multiple
reasoning paths.

2

b

Fine-tuning Smaller Model

Small Base Model
T5 / Bert
Domain Adaptation:
Social Media

Fine-tuning
Soft scores derived from
LLM predictions for
Regression Loss

~

RIZE T

End Model to
Serve

A few samples for ’
demonstration Labeled Datasets

T

Evaluation only

o7 4Bl

O fERAXIREE LSS IR HIR
O ER/NSHEE

HITHOA

Deng, Xiang, et al. "LIms to the moon? reddit market sentiment analysis with large language models." WWW, 2023.
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Only finetuning on TS5\BART,
I, *E

How about larger model ? ? ? §
Pre-training Sentiment-aware LLMs??

Textual sentiment analysis is dead?
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M AR EFRBOAF, 15 BERRE RBURNAN

20184 GPT-1 1 gEfBR{FEMTOMES; 20224 GPT-3-davinci-002

FMES575 )LEHEYKE; 10N BEH#EHAY GPT-3.5-davinci-
003N FZME 59% JLEH ZHHIKF

ILEHEI® (Theory of Mind, ToM) E¢ MREFMABRGAROCERESHRES, XL
DIERGERER. BEE. BENER. EARMEIHH, llﬁ”ﬂlté?&iy, S
bfﬁﬁ?ﬂiﬂ]ﬁi%ﬁﬂﬂﬁﬂﬂkﬂ’] TA, Mﬁ'ﬁ?‘%mﬂ’ﬂi/\ﬂ\iﬁﬁlﬂ TERCAEMME.

TR : LA IRHEEE O ZAANEESLIEFIEIL.
=, sEes TR [0 O MR EME BRI ETS. MRERTENIE

Mao, Yuanyuan, et al. "A Review on Machine Theory of Mind.", IEEE Transactions on Computational Social Systems, 2024.
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@ Fast response

Restauran!

—

T
@ long menu ~ Charge for a long time

Good atmosphere

@ot pizza

Good delivery ©Bcautiful shape

Bad service Fast power consumption high quality

Restaurant domain Laptop domain Book domain
Test Stage: Domain Positioning |/~ gtage 2: Domain Knowledge\Wgrmup
\ Al \ Ast ‘4,31‘, \ Ast
i ' ] A o
+ < i S
(: ) e e [ [
1 By 1 Bs | 1Bisr lBs“
R -2 SR -2
N N
{—l—ﬁ Orthogonal Orthogonal Orthogonal Orthogonal
colors: negative; monitor: negative Constrain Corshait Constramt Constraint
T 2N X
I I
1 \ \ \
A o
PLM X = + &
- A = \
] 1 o\ )
* i _Br’ VLB 'Ii‘:‘_\ 5
T i Stage 1: Domgin Knowl I
S |
Prompt Doamin 1 [Domain Hl}
Given a Sentence, you should extract all
aspect terms and give a corresponding Reﬁlaiz
polarity. The format is "terms1: polarity1;
terms2: polarity2'. | Replay |
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Figure 3: Annotation analysis.  Textual/Visual

Sentiment Consistency: the consistency of the
target’s sentiment in text/image with the sentiment in
multimodal information. No Target: the percentage
of images that are missing the target for sentiment
analysis. Co-determination: the percentage of targets

. that sentiment is jointly determined by text and image.
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