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faceted Sentiment Classification
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Table 1: Summary of the corpus. Categories: N - news, R - reviews, SM - social media, O - other
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mT5 2TTM 101 T5 Xupeetal [93]

e single multi-lingual model vs. dedicated monolin- R M 81 BILSTM  Arieise and Schwenk (3]

mBEKT I'TiM 104 BERT Devlinetal. [26]

MPNet 278M 53 XLM-R  Reimers and Gurevych |64
RLM-R-dist 2TaM 53 XLM-E  Reimers and Gurevych [64]
XLM-R 2TEM 100 XLM-E Conneau et al. [23]

LaBsE 4/0M 104 BERT Fengetal. [30]
DistilmBERT 134M 104 BERT Sanhetal. [73]

mUSE-dist 134M 53 DistilmBERT Reimers and Gurevych |[64]

mUSE-transformer B5 M 16 ransformer  Yang et al. [95]
a ta S e tS mUSE-cnn HEM 16 CNN  Ymget al. [95]

Linear Head

gual models
e training vs. fine-tuning
e transfer learning between domains
e transfer learning between languages
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e comprehensive linguistic typology
e manual selection of 79 datasets from the pool of Lo
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RESULTS
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Fine-tuning

datasets in 27 languages
e multi-faceted benchmark
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e open library for dataset access
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Figure 4: Detailed results of models” comparison. Legend: lang - averaged by all languages, ds -
averaged by dataset, ar - Arabic, bg - Bulgarian, bs - Bosnian, cs - Czech, de - German, en - English,
es - Spanish, fa - Persian, fr - French, he - Hebrew, hi - Hindi, hr - Croatian. hu - Hungarian, it -
ltalian, ja - Japanese, Iv - Latvian, pl - Polish, pt - Portuguese, ru - Russian, sk - Slovak, sl - Slovenian,
sq - Albanian, sr - Serbian, sv - Swedish, th - Thai, ur - Urdu. zh - Chinese.

DISCUSSION

e large single multilingual model can perform approx-
imately equally well for all languages
¢ all benchmarked models performed better when
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fine-tuned rather than trained from scratch

e bigger is better, but fine-tuning helps smaller mod-
els to be competitive

e large variability of performance across data splits
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Figure 5: Transfer learning between data modalities
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