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Polar-prober Magn-prober

=zH
SmiX A2  Rand LM-Prob (M (MD
GED .5000 .5060 .8330 (16) .8330 (64)
POS 2500 5730 5870 (4) 6210 (16)
CHUNK 2500 2710 .2820 (8192)  .3910 (64)
NER .2500 3610 .4300 (4) 4970 (64)
Agnews .2500 .5880 .7060 (64) .6890 (512)
Amazon .2000 4840 5310 (1) .5680 (128)
IMDB .5000 9700 .9700 (64) .9690 (64)
MyriadLAMA 2500 7380 7450 (256) 7530 (4096)
FEVER .5000 6780 .8000 (1) .8030 (4)
CSQA .2000 .6100 .6180 (32) .6340 (8192)
TempLAMA 2500 2600 2500 (1) 4110 (4)
PAWS .5000 5240 .8180 (16) .8210 (32)
MNLI .3333 5100 .5780 (32) 5860 (64)
SWAG .2500 4100 4430 (256) 4710 (64)
HaluEval .5000 5200 7750 (2048)  .7770 (256)
Toxic .5000 7800 .8250 (8) .8260 (4)
Stereoset 3333 1040 .7297 (128) .5180 (16)
LTI .2000 3680 .5480 (64) .6950 (8)
M-POS 2500 4440 4830 (4) 5130 (8)
M-Amazon .2000 5250 .5470 (1024)  .5880 (128)
mLAMA .2500 .6080 .6230 (8192)  .6360 (512)
XNLI .3333 3970 .4860 (32) 4980 (32)
Macro average .3205 5104 6185 6408
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https://github.com/google-research-datasets/clang8
https://github.com/UniversalDependencies/UD_English-GUM
https://huggingface.co/datasets/eriktks/conll2000
https://huggingface.co/datasets/eriktks/conll2003
https://huggingface.co/datasets/fancyzhx/ag_news
https://huggingface.co/datasets/McAuley-Lab/Amazon-Reviews-2023
https://huggingface.co/datasets/stanfordnlp/imdb
https://huggingface.co/datasets/iszhaoxin/MyriadLAMA
https://huggingface.co/datasets/fever/fever
https://huggingface.co/datasets/tau/commonsense_qa
https://huggingface.co/datasets/Yova/templama
https://huggingface.co/datasets/google-research-datasets/paws
https://huggingface.co/datasets/nyu-mll/glue/viewer/mnli
https://huggingface.co/datasets/allenai/swag
https://huggingface.co/datasets/pminervini/HaluEval/viewer/dialogue_samples
https://huggingface.co/datasets/google/jigsaw_toxicity_pred
https://huggingface.co/datasets/McGill-NLP/stereoset
https://huggingface.co/datasets/SEACrowd/lti_langid_corpus
https://github.com/universaldependencies
https://www.kaggle.com/datasets/mexwell/amazon-reviews-multi
https://huggingface.co/datasets/cis-lmu/m_lama
https://huggingface.co/datasets/facebook/xnli
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