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(Context ] ( Existing Datasets for Climate Fact-Checking ]

- Proliferation of misinformation and disinformation in Dataset Modality | Size Key Features/Notes
] ] CLIMATE-FEVER (2020) Text 1,535 claims Extends FEVER; uses Wikipedia evi-
part|CU|ar related tO Cl|mate Change dence; suffers from class imbalance
. . . and low-quality claims.
" People dare more Ilkely to trUSt teXtuaI |nf0rmat|0n CLIMATEX (2023) Text 8,094 statements Extracted from IPCC reports; anno-
when it is combined with images, so multimodal fated With graced certainty; evaluates
Ty I I I tions.
mISInformatlon IS pOtentIa”y mo_re harmeI' MM-CLAIMS (2022) Text + Image | 86k tweets (3.4k labeled) Combines textual and visual features;
- Al systems struggle to detect climate demonstrates improved claim detec-
. . . . tion.
m|S|nformat|On due tO the IaCk Of d|VerSe, h|g h' Bai et al. (2024) Text + Image | 49,316 tweets Climate tweets with paired images;
quality multimodal benchmark datasets. e el e contracictory
MULTICLIMATE (2024) Video + Text | 4,209 (from 100 videos) Video-based stance detection; in-
. . . cludes transcripts and frames; intro-
( LI m Itatl O n S Of C u I're nt Dataset8] duces temporal reasoning challenges.

X Limited reasoning depth: No multi-hop or cross-modal inference

X Quality issues: Imbalanced labels and noisy or weakly verified claims

X Lack of scale and diversity: Most datasets remain narrow in topic or platform coverage
X Few temporal datasets: Limited resources for video-based or evolving misinformation

Two Contributions to Climate Fact-Checking

MA4FC: Lightweight MLP-based

TIGER: A balanced, extensible multimodal dataset for climate ) e
fact-checking models with efficient performance
g hor | o . Text MLP
Climote flS:jeprpCO?tSSi ]904 Clcums ' b Augmented TOtCll Ontrles . 7262 ..... LT
Claim :‘ : ) Supports: 2609 . j
Fever Filter class . Paraphrasing Claims @ Refutes:2646
“rrelevant” 1618 claims | Frugal ,
= Fever ‘ L categorize © Irrelevant : 2007 ~ , Gated MLP Final MLP
Fru OI i 859 . General or Unclassified . . | '_ o - —m S
A? 1905 claims cams| | Categorized | - .
Choose at random from the other l . Regional and Cultural Perspectives [ 256 256 , @ !
claims ond reclossify as "RertGS" i C O'ms Economics and Technology | B e e . ‘ |_ : N ‘
' b c;c(::;?cxon Comnr:j::lt::l:: l.'lcnvd :’:c:)lnc(o;:.r(r:)?:z l >|—_’ ] I g
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|PCC extraction 572 CIOimS C|Q|ms L . ‘ Climate Im;;ncls andlnviv(;nmcnt.bl - =_. L
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[ Experimental Results)
Results on CLIMATE FEVER (extended with images)
= Accuracy remains below 70%, with low F1- Encoding Model Accuracy F1-score Time (s) CO3 (g)
scores = dataset is challenging and noisy. Encoder Visual Textual Encoding Training Inference
= Tree-based and MLP models train extreme|y | MLP 63.5+1.68 | 51.08 + 2.16 17 160 7.42 0.03| 0.51
fast (< 20s), but likely underfit Jina-Clipv2 [EVA02-L14 Jina XLM-RoBERTa | Random Forest | 69.38 +2.78 | 56.07 + 4.88 17 160 17.89 0.02| 0.93
= MAFC requires Ionger training (z1 min) but Gradient Boosting | 70.17 + 2.77 | 54.91 + 4.64 17 160 12.93 0.004 1.21
shows higher stabilit CLIP ViT-B/16 CLIP Transformer MA4EC 64.87 + 0.68 | 35.92 + 6.93 10 080 64.39 0.18| 7.09
Indicat 9 K . y -to-label ali £i CLIP ResNet-50  CLIP Transformer MA4EC 65.26 + 0.68 | 41.28 + 7.61 9420 39.98 0.17 | 19.87
gLIII(\:/Ie,]A ?’SI’E V\IlzeEaVEII;{SIgna -lo-label alignmentin i or1;p ResNet-50x4 CLIP Transformer MA4FC 65.15+0.79 | 42.69+6.82 | 19500  63.73 0.18 | 13.41
Results on TIGER
= All models achieve strong, stable Encoding Model Accuracy F1-score Time (s) CO; (g)
performance (>83% accuracy, balanced Encoder Visual Textual Encoding Training Inference
F1 -SCOFGS). MLP 83.14 +1.10 | 82.73 £ 1.16 19 020 9.97 0.04 | 0.56
- Hig her training times for CLIP encoders Jina-Clipv2 EVA02-L14 Jina XLM-RoBERTa | Random Forest | 83.33 +3.10 | 82.67 + 3.27 19 020 20.97 0.004 1.03
reflect richer cross-modal alignments Gradient Boosting | 83.48 + 0.78 | 82.91 + 0.80 19 020 38.06 0.006 1.34
- M4FC matches or outberforms tree b.ased CLIP ViT-B/16 CLIP Transformer MA4FC 84.41 + 0.82 | 83.96 + 0.82 11100 175.22 1.13 7.85
del ith th P lizat CLIP ResNet-50  CLIP Transformer MA4FC 84.84 + 0.77 | 84.39 + 0.82 10 440 493.20 245 | 21.99
go s St V;'() 4smohc_> er generailization. CLIP  ResNet-50x4 CLIP Transformer MA4FC 84.84 + 0.78 | 84.40 + 0.80 | 22500  332.53 1.15| 14.84
u €SINEl-oUX4 acnleves Same accuracy as
ResNet-50 but with lower carbon footprint.
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