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[Abstract]

The rapid growth of online news and social media has increased the importance of multimodal
sentiment analysis that jointly leverages textual and visual information. However, existing studies have
mainly focused on social media, online reviews, and video data, and have not sufficiently addressed
modality-level sentiment inconsistency, image noise, and uncertainty in weakly supervised labels in news
articles. To address these issues, this study constructs CNN-MMSA, a weakly supervised multimodal
news sentiment dataset consisting of 8,273 CNN news samples, and proposes a PMIG-Net-based
sentiment analysis framework. PMIG-Net utilizes BERT-based text representations and CLIP-based image
representations, selectively adjusts the contribution of visual information through prior-guided attention
fusion and image gating, and jointly learns modality-specific and final multimodal representations
through hierarchical multi-task learning. On CNN-MMSA, PMIG-Net achieved an Accuracy of 0.7164, a
Macro-F1 of 0.6732, and a Macro-Recall of 0.6828. Compared with adapted baselines that reimplement
the core fusion concepts of TFN, MulT, MAG-BERT, and Self-MM, the proposed model showed
relatively stronger performance, particularly in Macro-F1 and Macro-Recall. Ablation experiments showed
clear decreases in Macro-F1 and Macro-Recall when the image gate was removed, while the other
components exhibited different trade-offs across evaluation metrics. In an additional benchmark
evaluation on MVSA-Single, PMIG-Single-Pass also outperformed CLIP-only, BERT-only, and
BERT+CLIP Concat under a controlled experimental setting, indicating its applicability to image-text
sentiment analysis in social media data. By integrating weak-label construction and selective multimodal
fusion within a unified framework, this study provides a practical multimodal sentiment analysis

approach for news opinion analysis and intelligent media content analysis.
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III. The Proposed Scheme

3.1 Overview of the Proposed Framework
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Algorithm 1 Weakly Supervised Multimodal Sentiment Label Generation
Input :News dataset D={(Xt,Xc Xi)]

Output :{yt,yc,yiy_text,y_multi}

1. Dh ¢ RandomSample(D300)

2. Yh & ConsensusAnnotation(Dh)

3. Wt,Wc & LearnWeakAnnotatorWeights(Yh)
4.forn=1toNdo

5. (Styt),(Sc,yc) & WeakTextAnnotation(Xt,Xayt,Wa
Correctlow-confidence text labels

(Si,yi,qi) ¢ WeakimageAnnotation(Xi)

Review low-confidence image labels

L ® N &

S_text & TextlLabelFusiont,Sc)
10.  S_multi & MultimodallabelFusior{S_text,Si)
11. end for

12. return {ytyc,yiytext,ymulti}

Fig. 2. Weakly Supervised Sentiment Label Construction
Procedure
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IV. Experimental Design

4.1 Dataset and Label Construction

& ALoflA= CNN 2 SUALO|EoflAf 220RE 7|4t Hf
OE}Z vlFoR oR|E Sy 71Ye Hgstel 1A% ¥
Hog 4 vA doleils Z8si3it. 11 5= Yo
Elo] Tt FAE Brg Uepdc

2P % Ak 328004 AR viet Zon, &
© Ridge 3|71 718t 7157] shat 54 YRS A5
ol RAQIR A3t 3007) EiO] Ot AR 5
Azl mRe| B4 dRke okl 2
5 Als 72670 27 92370 ofjt A w571 I o
A2 S0l BAstdon, Y] Als 71871et 2 521

-

JHJ

e 28 AES 59 A5 hue sl =4
CLIP % Al2=7} 0.5 0]29l ojo]x] 1,1947}o] chaal
= 259

Distribution of News Themes in the CNN News Dataset

sports. 2500 (30.2%)

society 2276 (27.5%)

News Theme

culture 1997 (24.1%)

economy 1500 (18.1%)

0 400 800 1200 1600 2000 2400 2800
Number of Articles

of articles: 8273. Long-tail catey ped as Others when applicable.

Fig. 5. Distribution of News Topics in the CNN News Dataset

Table 1. Manual Annotation Agreement and Label
Correction Results
Metric Title Content Image
Human sample 300 300 -
Cohen’s Kappa 0.919 0.888 -
Rewewed. samples 1444 1444 1194
(low-confidence)
Majority-vote 726 923 _
corrected
Manual-review 718 521 1194
corrected
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Table 2. Sentiment Label Distribution of the
CNN-MMSA Dataset
Negative Neutral Positive
Dataset 1) 0) ) Total
Train 642 2,277 2,872 5,791
Validation 137 488 616 1,241
Test 138 488 615 1,241
Total 917 3,253 4,103 8,273

4.2 Experimental Settings and Evaluation Metrics
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Table 3. Experimental Settings and Hyperparameters slgloug A7 mejuler} B 3l 7}1_ nlatulelo] 5
Parameter Setting Parameter Setting %?_l:}
RTX 3070
Framework PyTorch GPU Laptop GPU
T BERT-base- Image CLIP Table 4. Parameter Counts and Model Complexity
ext Encoder . .
uncased Encoder ViT-B/32 of Adapted Baseline Models
Optimizer AdamW Epochs 5
Batch. Size 4 DroPout 0.1 Model Total Params Trainable Fusion/Head
Learning 2 % 10° Weight 1% 10+ Params Params
Rate Decay TFEN 308.91M 308.91M 2.49M
Title Max 4 Content Max ) MulT 310.88M 310.88M 4.46M
Length 6 Length 56 MAG-BERT | 308.98M 308.98M 2.56M
: Number of Self-MM 309.38M 309.38M 2.96M
Image Size | 224 x 224 Classes 3 PMIG-Net 309.41M 309.41M 2.99M
Random 1 Selection Validation (Note. All models share the same BERT-base-uncased
Seed Metric Macro-F1 text encoders (218.96M parameters) and CLIP

4.3 Baseline Models
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ViT-B/32 image encoder (87.46M parameters).)

V. Experiments and Analysis

5.1 Performance Comparison of Unimodal and
Multimodal Models
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Table 5. Comparison of Sentiment Classification
Performance of Unimodal and Multimodal Model

Model Accuracy Macro-F1 Macro-Recall
Title 0.6753 0.6254 0.6455
Content 0.6962 0.6182 0.6005
Image 0.4956 0.2209 0.3333
Text 0.6938 0.6103 0.5967
PMIG-Net 0.7164 0.6732 0.6828

5.2 Performance Analysis of Hierarchical
Prediction Heads in PMIG-Net
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Table 6. Performance Analysis of Prediction Heads
in PMIG-Net's Hierarchical Multi-Task Learning

Model Accuracy | Macro-F1 | Macro-Recall
Title head 0.6890 0.6745 0.6907
Content head 0.6865 0.5139 0.5905
Image head 0.6873 0.2716 0.3333
Text head 0.6890 0.6538 0.6825
Multimodal head 0.7164 0.6732 0.6828

5.3 Analysis of Fusion Strategies and
Comparison with Existing Multimodal Models
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Table 7. Comparison of Multimodal Fusion Strategies
with Frozen Encoders

Fusion Method Accuracy | Macro-F1 | Macro-Recall
Mean Fusion 0.6832 0.5015 0.5196
Prior-Weighted | ; ;545 0.5371 0.5382
Fusion

Attention Fusion 0.6890 0.5486 0.5465
Prior-guided

Attention Fusion 0.6849 0.5482 0.5426
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Table 8. Comparison with Multimodal Baseline
Models on CNN-MMSA

Method Accuracy Macro-F1 Macro-Recall
MAG-BERT 0.7075 0.6628 0.6730
TEN 0.7212 0.6462 0.6249
Self-MM 0.7010 0.6369 0.6323
MulT 0.7139 0.6481 0.6336
PMIG-Net 0.7164 0.6732 0.6828

5.4 Ablation Study and Balanced Performance
Analysis
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Table 9. Single-Module Ablation Study Results of
PMIG-Net

Model Accuracy Macro-F1 Macro-Recall
w/o P 0.7123 0.6748 0.6910
w/o A 0.7349 0.6753 0.6665
w/o G 0.7268 0.6433 0.6230
w/o M 0.7212 0.6733 0.6696
PMIG-Net 0.7164 0.6732 0.6828
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Table 10. Module Combination Ablation Results
without the Image Confidence Gate

Model Accuracy | Macro-F1 | Macro-Recall
w/o P + G 0.7349 0.6745 0.6616

w/o A + G 0.7292 0.6543 0.6350

w/o M + G 0.7252 0.6183 0.6007
PMIG-Net(Ours) 0.7164 0.6732 0.6828

5.5 Validation of Weak-Supervision Labels

om|= 2peo] 24 EhgTt W7t A2l Eelsl]
s, 2 A JHERl0] gt U BAa A0l
ORF A% 2L ol F7t Wik Sayeigict. WA
OfR| = 2t A IolA ARERE A 7HE R °"<3
A5t Ag n2i3t O gojE £, v 15,
ojmriztlel % %7} HAE dapl SAlsky
g DA 7HEAIRE RS AlE-2E T AlE 71E
0.3:0.7& 71202 0.4:06 ¥ 0.2:0.82 ¥H7sty o,
ElAE-o]O]X] 7FsA]+= 7]& 0.8:0.25 71292 0.9:0.1
2 0.7:0.30.2 H7sto] v|wstict.

B 119] ZolH 71E A RIS 0.3, B2 0.7, &
AE (0.8, o]o]x] 0.2 Accuracy 0.7164, Macro-F1
0.6732, Macro-Recall 0.68282 AESH AKX &= 7
2 A9 452 Bark Al2-22 uleS WEs 7

ﬁl_.l_.

o

_Jol‘

ru93 n:\)
o, _OL HJIO



PMIG-Net: A Confidence-Aware and Prior-Guided Multimodal Fusion
Framework for Weakly Supervised News Sentiment Analysis 25

© N WL AL BE Zasigion], olulx] 1A
0.12 WE 2ol 7IE A5 GA H5g AR89
of. ¥ oJulx] 7E3AlE 0.302 Z7HAIZ] AL 4450l
27| asieinh. ol ZES WglolN EAE 54, o]
0] Bx09] 7hEA] A7go] oA oz A-siy, 7| A
7@0] H] 7(4 _q.oﬂx%o] Lo 7;1]%61—% EOZ]—E—E}

oo &

Table 11. Sensitivity Analysis of Weak-Supervision
Label Fusion Weights

TitIe:C_ontent / Accuracy | Macro-F1 | Macro-Recall
Text:Image
0.3:0.7 / 0.8:0.2 0.7164 0.6732 0.6828
0.4:0.6 / 0.8:0.2 0.6857 0.6354 0.6368
0.2:0.8 / 0.8:0.2 0.7091 0.6549 0.6414
0.3:0.7 / 0.9:0.1 0.7147 0.6726 0.6704
0.3:0.7 / 0.7:0.3 0.6181 0.5814 0.6171
E3t oFA|E 2o oigh o EAS 12 allal] ¢
off 71E 2fd 50 AMRE AR 32 FRER] g
20071 E|AE AZo] sl =3AIQ1 7t AR 2fHs A
%35t 5Ust PMIG-Net o5 Zuts H7etgich Azt
A% 2 £ 9ol BoR} ob|E 24 9 PMIG-Net
o] o5 A2t2 SIotx] ok eolA 2 B SR
02 zAsto] &3} S BoRle) Tt Ux|siA|
R g5t =olsto] A

A2 Beolle ol AlEE @

5 9ol ahag Ssioltt. & 120] Oft Izt L& epa
2 J71&0%2 THI/RIS o Accuracy= 0.66500]4]
0.68000.2, Macro-F12 0.63120]A4] 0.64800.2,
Weighted-F12 0.66510]|4 0.68612 A% Z7}sto
0, Macro-Recall® SAlst L x5ty T}, o]2st
A= AIQE wHio] OFA|= 2pHogh o ESHA] oFal QIZE
ot dxshs 474 HEe Sashl gs Bore
BaA ZAE Algsith

458

Table 12. PMIG-Net Performance on the Same 200
Samples According to Ground Truth

S EIVE) Macro- | Macro- | Weighted
Ground Accuracy

F1 Recall -F1
Truth
Weak labels 0.6650 0.6312 0.6494 0.6651
Independent
Human 0.6800 0.6480 0.6396 0.6861
labels

5.6 Robustness and Random Seed Stability
Analysis
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Table 13. Random Seed-Based Performance Stability
and Model Comparison Results

Seed PMIG | MAG | PMIG | MAG | PMIG | MAG
Acc Acc F1 F1 Rec Rec
42 0.7164 | 0.7075 | 0.6732 | 0.6628 | 0.6828 | 0.6730
52 0.7421 | 0.7196 | 0.6889 | 0.6527 | 0.6741 | 0.6383
62 0.7204 | 0.7091 | 0.6505 | 0.6589 | 0.6328 | 0.6549
72 0.7357 | 0.7115 | 0.6854 | 0.6465 | 0.6841 | 0.6287
82 0.7357 | 0.6938 | 0.6587 | 0.6431 | 0.6382 | 0.6475
Mean | 0.7301 | 0.7083 | 0.6713 | 0.6528 | 0.6624 | 0.6485
Std | 0.0111 | 0.0093 | 0.0166 | 0.0082 | 0.0249 | 0.0169

(Note. PMIG and MAG refer to PMIG-Net and MAG-BERT,
respectively, while Acc, F1, and Rec denote Accuracy,
Macro-F1, and Macro-Recall, respectively.)

Table 14. Statistical Significance Analysis Results

Metric Mean Paired Wilcoxon | Cohen's

Difference | t-test (p) (p) d
Accuracy +0.0218 0.0207 0.0625 1.66
Macro-F1 +0.0185 0.1008 0.1250 0.95
Macro= 400139 | 03839 | 04375 | 044
Recall

5.7 Additional Benchmark Evaluation on
MVSA-Single

5.7.1 Dataset and Evaluation Protocol
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5.7.2 Effect of Duplicated Text Input
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Table 15. Effect of Text-Input Duplication on
MVSA-Single
. Macro- | Macro-
Variant #Enc. | #Pass Acc. F1 Recall
Duplicated 2 2 0.6889 | 0.5922 0.5946
Shared 1 2 0.7000 | 0.5819 | 0.5742
Single- 1 1 0.7244 | 0.6146 | 0.6017
Pass
Single 1 1 0.7000 | 0.6061 | 0.5972

(Note. #Enc. denotes the number of BERT encoders,
and #Pass denotes the number of BERT forward
passes per sample.)

B 1504  Single-Passe=  Accuracy 0.7244,
Macro-F1 0.6146, Macro-Recall 0.60172 7} =2
=S dod0m, Single 9A] Duplicatedo]] B]udto] =
2 Macro-F12 7|23}ttt o]L o ElAE F17]0]A]
£ g ofe] Alzcio] ke sk 2ol BAHo)
orom, st ¥ AJAst HIAE BHL AJAMESH= g2

MVSA-Singleo]] BT} Hget 4 98-S HoFErh

Al
o]

5.7.3 Controlled Comparison on MVSA-Single
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Table 16. Controlled Comparison on MVSA-Single
under an Identical Experimental Protocol

Macro- Macro- Weighted-
] — F1 Recall F1
CLIP-only | 05000 | 03345 | 0.3579 0.4822
BERT-only | 0.7156 | 05866 | 0.5623 0.6975
BERT+CLIP | ia89 | 05775 | 05710 0.6843
Concat
PMIG=Single | ;51 | 06146 | 0.6017 0.7174
-Pass

5.7.4 Comparison with Literature-Reported
MVSA-Single Results

MVSA-Singleof|A] Aot R@lo] ATHA M-8 =19]
)1 9 7VE ol M Anle} wRac. ot 9
ofc} Hlole} HAle), £ 3 W7t Yol ke vl & 17
© gugt A4 ulEot ofd AnA vjaE shHgich

B 1704 PMIG-Single-Pass= 445 MVSA-Single
Es} ndldr} o A g "ot J2u TSt
A70)A 345t & 169] EA| H]wojA= BERT-only,
CLIP-only ¥ BERT+CLIP ConcatEth =2 455 7|&
stoict. weba] & 172 Aok malo] Iy wix|opa U A
A YR= 3}010}7] st BxA Auz 839}

l

Table 17. Literature-Reported Performance on
MVSA-Single

Method Year Acc. F1 F1 Type
MGNNSI[17] 2021 0.7377 0.7270 W-F1
CLMLF[18] 2022 0.7533 | 0.7346 W-F1
SECIF[19] 2025 0.7910 0.7874 Reported F1
MSACA[20] 2026 0.7578 | 0.7462 W-F1
PMIG-Single= | ThiS | 7544 | 0.7174 W-F1

Pass study

(Note. W-F1 denotes Weighted-F1. Results of previous
studies are reproduced from the corresponding publications.
Because experimental protocols and F1 definitions may
differ across studies, these values are provided for
contextual comparison rather than strict head-to-head
evaluation.)



PMIG-Net: A Confidence-Aware and Prior-Guided Multimodal Fusion
Framework for Weakly Supervised News Sentiment Analysis 27

5.8 Qualitative and Visualization Analysis

5.8.1 Representative Case-Based Analysis of
Image Contribution
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Fig. 6. Representative Cases for Qualitative Analysis

5.8.2 Visualization Analysis
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Confusion Matrix Comparison on the Test Set
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Fig. 8. Confusion Matrix Comparison of MAG—-BERT and
PMIG-Net on the Test Set
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Fig. 9. Validation performance trends of representative

multimodal models:

(a) Accuracy; (b) Macro—F1; (c)

Macro—Recall.

VI. Discussion and Conclusion

6.1 Discussion of the Research Findings
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6.2 Limitations and Future Work
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