Making Pretrained Language Models Good Long-tailed Learners
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Motivation Background Setup Results & Analyses
i Tall bottleneck Jid Long-tailed classification iid Long-talled datasets iid Results
Ji Tall classes, which are with very few examples, in a long- ji Dataset D = {(x;,y;) }; where (x,y) ~ P(Z, ¥%). /i Medical Question Intent (Cmid), Application Category /i Bottom left: Prompt-tuning largely outperforms CLS-
talled class distribution prevents PLMs from achieving (Iflyteck), Clinical Trial Criterion (Ctc), Entity Typing tuning and calibrated CLS-tuning (e.g. CLS-tuning w/
good performance. i P(Y) is a long-tailed one. (Msra), Document Topic (R52). focal loss) mainly due to the improved tail performance.
Jj§ Head-to-tail transfer Jji PLM A is hard-to-optimize on 9. /i Baselines Jii Bottom right: Weight norm visualization indicates that
Prompt-tuning learns a better balance between head
JJ Tall classes are inturtively few-shot ones. However, long- Jd CLS-tuning i CLS-tuning, w/ n-norm, w/ focal loss, w/ prompt, w/ LN, and tall classes.
talled classification allows the possibility to transfer w/ pt. (pretrained) LN.
knowledge from head classes to tail ones. i Input: x; Output: y. JiJ Research questions (bottom right)
Jii Prompt-tuning, w/ focal loss, w/ ed. (Embedding
Jid Prompt-tuning makes PLMs better few-shot learners /i Backbone &: [CLS] vector. decoupling). I RQI: Does the shared embedding contribute to
Prompt-tuning?
JJ It motivates us to hypothesize that Prompt-tuning can JJ Classifier € a Tanh-activated MLP, CLS head. i Metrics
relieve the tall bottleneck and thus make PLMs at least Jj§ Prompt-tuning w/ ed. decreases the performance. =>
good long-talled learners. iji Objective L g = Eg — logP(y | x; ). Jid Accuracy scores: tall insensitive, F| scores: tail sensitive, negative response.
Head F| scores for head classes, Tall | scores for tall
/i Prompt-tuning classes. Jd RQ2: Does the input structure (.e., MLM input)
contribute to Prompt-tuning?
1eer 5 I Input: 7 (x); Output: 77 (x).
1500 - 7\ | e I3 CLS-tuning w/ prompt decreases the performance.
i Jji Backbone &: [MASK] vector. ro- i = CLS-tuning w. focal loss => negative response.
1250 - i I = Prompt-tuning
5 1000 ‘] [' Jji Classifier 6" pretrained MLM head. 058 - id RQ3: Does the classifier structure and parameterization
o i ; (e.g., layer normalization used in MLM head) contribute
§ 750 - i Objective: L g = Eg — 10gP(7" (y) | T (x); M). EO-G to Prompt-tuning?
500 - i o g 04- wml u‘ “ l Jid CLS-tuning w/ LN and w/ pt. LN increases the
250 - ; ~ ~ ke heasT o | | J U/t L “ “""”4 iy performance. => positive response.
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Class index (from head to tail). [ [CLS] ) The movie tonight is fascinating ! [SEP] ] [ Linear )J [[CLS] The movie tonight is fascinating ! It was [ [MASK] ) . [SEP]] i 20Class idrfzjex (frg(r)n head8$o tail).100 =
Dataset CMID IFLYTEK CtC MSRA R52 AvVG Dataset CMID IFLYTEK CtC MSRA R52 AvVG C lusi
Metric Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc Fl Metric Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc Fl SUSESIS
CLS-tuning 51.1().4 37.32'3 58.70,4 33-71.6 84.6(),3 77.22.9 99.0(),1 97.51,0 95.30,2 67.31.3 77.7 62.6 CLS-tuning oT 51-10.4 37-32.3 58-70.4 33.71.6 84-60.3 77-22.9 99-00.1 97.51.0 95.30.2 67-31.3 77.7 62.6 j.[.[ Prompt_tuning essen‘tiauy makes pr‘e‘trained |anguage
w/ m-norm 51.1p5 374,09 59.1p03 35716 84.7902 77331 99.0017 974p0 95493 6899 779 63.3 w/ n-norm Sl.lps 37420 359.103 35716 84702 77331 99.001 97.409 95403 68919 779 63.3 models gOOd Iong—tailed learners.
w/ focal loss 51.007 42.1;3 58.803 36.016 84.304 7854 99.00; 96.81» 9570, 72.8,3 77.8 65.2 w/ focal loss  51.007 42.113 358.803 36.016 84304 78524 99.001 96812 95792 72.8,3 77.8 65.2
Prompt-tuning  49.307 43.407 61206 44410 84201 80901 99.1oo 97803 95701 85306 779 70.4 CLS-tuningo R 50.904 34.514 358703 33311 84404 71110 99001 97705 94204 56255 774 598 /i Through in-depth analyses, we uncover that the structure
w/ focal loss 48.6gs 42.506 59.706 43907 83.506 80.207 99.001 97207 95503 82.604 773 69.3 w/ m-norm 50905 34818 58403 33310 84.604 78.015 99.100 97.805 94303 56319 77.5 60.0 and parameterization are the |<e>/ to enh ancing |Ong_tai|ed
Metric Head Tail Head Tail Head Tail Head Tail Head Tail Head Tail w/ focal loss 51.0g5 40.1;5 58.8p4 34.691 84.6035 769y 99.001 97.015 95.1p35 66.0,7 77.7 629 perfor.mance of pretrained |anguage models.
; CLS-tuning o R
CL‘i}mI-l;Iz)fm gg'gl'o g:';?”o g;?(m 3’;:1'9 g;go'z 31;3'7 gggo'l g;gl‘l gggo'l 22'21'3 ;gg 2(9): w/ prompt 49.7().5 33.10,4 58.40.3 32.81_0 84.6().1 77.23_0 99.0(),1 96.90.3 94.1(),3 54.53.1 77.2 58.9 JJJ The ﬂnchng may Shed ||gh'[‘_ onN '['_he design Of Pr‘omp‘t_‘tuning.
’f7 s 46 e A '22-7 5 04 '22-0 00y (el Sl my ) e . o T ° w/ LN 51306 42.014 59706 39.10s 84.605 7942, 99101 97.log 96.1p2 77.735 782 67.1
w/ focal loss 49.808 40.2;5 62.004 30219 87.503 75931 99300 96713 99.000 72324 795 63.1 w/ pt. LN 50.806 42.512 59404 41.4p9 84.4¢s 79715 99.1p7 97.70s 9620, 82.0,5 780 68.7
Prompt-tuning 48410 42207 63.604 40112 87402 79002 99201 97703 98601 85006 794 633 Pompt-tuning ~ 49.307 43407 61206 44410 84201 80901 99.loo 97805 95.70: 85306 77.9 704
w/ focal loss 47.10.3 41-40.8 62.30.6 39.80,8 86.7(),5 78.30,7 99.30,1 97.10.7 98.80.1 82.32.4 78.8 67.8 w/ ed. 49.40.7 43,60.7 61,00‘7 44.41.0 84.20,4 80-50.9 99-00.2 96-91.4 95-70.2 8‘4'-91.0 71.9 70.1
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