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Motivation

Weak supervision: the model is trained on the data, which was automatically Sample Matched Labeling | Assigned -

' icti ' ' CHECK MY CHANNEL OUT keyword _my,
labeled u5|r.1g heUI’IS.tICS (key words, external KB, etc) formulated as Ia!oelmg functions. CHECK MY CHANNEL O Keyword_please SPAM
Some labeling functions (LFs) correctly captures some samples but mislabels others.

Hello! I'm Marian ... I wanted to plaIy " d
) eyword my,
my own pop and pop-rock songs. It keyword subscribe | SPAM/

+ Example: Lf “my” assigns SPAM class. | frould Mmean a ot o Jou cowd have 3 keyword song | HAM

look at my channel ... S
e Subscribe to my channel, check my channel out -> SPAM Vv subscribe to it! XOXO THANKS! | (@XPlob_subjectivity

. . It looks so real and my daughter is a big keyword my SPAM/
e |t looks so real and my daughter is a big fan and ... -> SPAM X 3/fan and she likes a lot of your songs. short_songs HAM
+ Such hard LFs to class assignments often results in a tie and incorrect assignment. ~ 4|¥ollow me on Twitter Gmscaliforniads no matches —

¥~ We propose to use a fine-adjusted LFs to class assignment in order to correct the label mistakes.
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4+ Apply the models to the held-out folds : : ULF C”pdate Q) ST —
. to calculate cross-validation predicted | a0 yorobs gsamplos xdasses Y- fsamples
probabi/ities. : : : % S .
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4+ Convert the probabilities into labels y | Estimate LF-to-class _ _ _
 w.rt. class average thresholds | correspondence + A confidence matrix (. x estimates the
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Intuition: A mismatch between . . + Its calibrated version QLX,K. (sums up to
predictions of a model trained on a @ | traind ." Cross-validation A the total number of training samples,
large portion of the LFs and labels ." ." predict predicted labels y and the sum of counts for each LF is the

generated by held-out LFs can indicate same as in the original Z matrix) is used
noise specific to the held-out LFs. l to re-estimate 7~

R Clean labels y T*=p*Q+(—-p)*T

Experiments
Experimental Results T matrix trinsformation
with ULF
YouTube Spouse TREC SMS Yoruba Hausa | Avg , , ke Ko HAM SPAM HAM SPAM HAM SPAM
Gold 03 8 ) %6 977 673 335 | 8sg + WSDatasets: 4 English + 2 Afnc;an Ianguages y"’°fqy:°’q,,7
Majority Vote (MV) 032 213 686 930 481 439 |e614 + Tasks: sentiment analysis, relation 45 %, 210 Lol %.
MeTaL (Ratner et al., 2019) 960 196 558 892 586  41.6 | 60.1 extraction, topic classification PO lig 8 8;2 g-;g 022
Snorkel-DP (Ratner et al., 2020) 95.6 32.6 61.8 94.6 58.7 45.7 64.8 : 1 Sy, Y : - :
FlyingSquid (Fu et al., 2020) 040 149 358 237 324 451 |410 ¥ Models: RoBERTa/multilingual BERT ey O°’q§§‘9@ 0 0.18 0.25/0.75
WeaSEL (Cachay etal, 2021) 960 149 644 236 496 432 | 486 (+ optional Cosine training step) Shop ey 9 0.59 0.49[0.51
MYV + Cosine (Yu et al., 2021) 96.4 33.3 65.8 93.6 52.6 45.4 64.5 labeled d included i lidat % ’@«\75/ 5’/&00 Dt 0 0.75]0. 0.21
MeTaL + Cosine 95.6 26.9 674 807  62.0 455 | 63.0 abeled and Included In cross-validaion ™, % 0010 [068]0.32] [0.67[0.33
Snorkel-DP + Cosine 96.0 28.1 738 96.1 550 46.5 | 65.9 training + reestimated in next iterations. Sty i, 0 0.691031 0.6510.35
FABLE + Cosine 94.0 33.9 706 977  60.1 447 | 66.8 We also conducted the experiments with = Soft after 1 Soft aft
ULF (Ours) 968 369 768 962 558 482 | 684 feature-based models - check out the paper! Initial hard SOt atter 1 Soit atter 2
+ Parameters (tuned on the mapually labeled validation Sample LFs matched Egll’)se}i CoE;%c;Ied I%Og(eil
data): the usual model training parameters + #ULF BT - l - - - |
iterations, #ULF folds, multiplying coefficient p, soft/hard Hello! I'm Marian .., I wanted to play my own pop and pop-|feyworc_my
abel labeled d p/y{ 5 P / 1 rock songs. It would mean a lot if you could have a look at lﬁgyxgig—gg}ésmbe HAM | SPAM |SPAM
abels, non-labeled data rate 4. my channel ... if u like, subscribe to it! XOXO THANKS!! |{c¥hlob—subjectivity
: keyword my
CV / Final YouTube Spouse TREC SMS Yoruba Hausa 2 Nice song .See my new track. keyvlv;(l)r%_so%g ... | HAM | SPAM |SPAM
FTCo 014 369 766 962 345 482 'HAPPY BIRTHDAY KATY :) htt iph ifs /birthd LeXt Od_ls'ukJeCtMty
oS . . . . . . . . 1 .COI1l / E11IS 1r ay- | Keywor 1mn
Cos FT 952 213 686 961 558 43.6 3 flowers-happy-gw3J Y 2uqiaX KaQXS /Tullscreen ... textblob—subjectivity | FAM | SPAM | HAM
Cos Cos 948 330 768 9.1 542 445 The little PSY is suffering Brain Tumor and only has 6 more|keyword please
4 months to live. Please pray to him and the bestY lucks. te%’tblob:gubjectivity HAM | SPAM | HAM
Implemented within the (e framework 5 Follow me on Twitter @mscalifornia95 — HAM | SPAM |SPAM
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