On Symmetric Losses for Learning from Corrupted Labels
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Introduction AUC Maximization from corrupted labels Experiments 7 = 0.65, 7/ = 0.45
i i i The following theorem relates corrupted AUC risk to clean AUC risk. . . S . .
Learning from corrupted labels is possible, but... : 0 : ’ ) Q: Does the symmetric condition significantly help in practice?
: . Theorem 1. Ler~'(z,x') = ((f(z,z)) + L(f(z,x)). Then Riyc.conlg) can be
Lu+ 2019: We need to know proportions of clean positive data expressed as Simp| Hidden | net (s (UC| dataset
in corrupted labeled data to optimize accuracy:. B (g) = (1 — ) Rave(a) N7 —mm ELE o (mroa )] fz.x') = g(z) — gl') imple one-hidden layer neural networks ( atasets)
. . I Toot . . —v;’ able 2. Mean balanced accurac =1- an > score using multilayer perceptrons (rescaled to 0- . Where m = 0.65 an
PrObIem PrOporthnS are unldentlflable from Samples (SCOtt‘l', 2013) Corrupted risk Clean risk Excessive term :’bi [Zl.illzl. Oultjpelrfﬂrrsmg methyoilfjri hligiﬁgjit.eddiri[igdface using one-];i]dgd t.-lsest wI'Jii.h the(signi:ic{iutlcflgggl)ﬁf; The expgri:’nenttsi.
. . . . 'T’?J | (l _ - )( L ’?Tf) q : were conducted 20 times.
Q Wh a.t can we Iearn WlthOUt eStlmatlng prOpOrthnS7 + 9 IE+’ [E+h€(m‘|‘“w+)” + 9 E—’[E_[ﬁ’((m—’ 5[3_)” Dataset Task || Barrier Unhinged | Sigmoid ‘ Logistic Hinge Squared Savage
o _ _ ——— spambase | BAC [ 52:3(08) | 84106) | 80.9(0.6) | 72.6(0.7) [ 747(0.7) | 69.50.7) | 73.6(0.6)
van Rooyen+ 2015: Optimizing Balanced error rate (BER) Is effective xeessive term AUCY 86.8(0) | 909 04) | 86.0(0.4) § 70.008) | 77.7(07) | T3.6(08) | 80.1(0.5)
_ _ ' S— _ ovefor | BAC | 86.1(0.4) | 87.1(0.6) | 85.4(0.6) | 75.8(0.7) | 78.3(0.7) 60 ):2(0.6) | 73.2(0.6)
with symmetnc losses (no experlments)_ Minimizing the corrupted risk can be AUC | 92.2(0.4) | 91.7 (0.6) 909(0 6) | 82.3(0.7) | 79.8(0.9) | 75.1(0.7) | 80.1(0.6)
C. . . i i i i I | BAC || 96.2(0.3) | 96.7 (0.2) | 95.4(0.4) || 80.2(0.5) | 82.8(0.9) 71 G(0.7) [ 75.0(0.6)
Menon+ 2015: Optimizing BER or Area under ROC curve (AUC) is When /(o ot f'”e:elf;'\i: ‘;V'th excessl've termi & - et wonorm | zuc | 001(0.1) | 99600y | 05.0(02) | s8305) | s3007) | 77.307) | 827005
- - - - en ' (x,z’) = K which holds for symmetric losses, we have Xxcessive terms BAC || 93.4(0.8) | 01.1(0.9) | 94.4 (0.7) [ 81.3(0.5) | 84.5(1.0) | 72.2(0.6) | 79.5(0.8)
effective with many losses (experlments with squared |OSS). — H tant! mushroom | 5o |l 98.4 (0.2) | 97.2(0.4) | 97.8 (0.3) | 89.0(0.5) | 82.2(0.6) | 77.8(0.6) é&l(l).?)
RiUC—Cmr(Q) = (7 — ") Riuclg) HE (l T ) + ecome constant:
. 2 _
corrupted sk clean sk Convolutional neural networks (MNIST, CIFAR-10)
With symmetric losses, excessive terms are @
constant and thus can be Safely ignored. BER-MNIST [ ;5 Ba"cl)e;s] o 3'9':‘;":: MNIS_T[ U(:Z;gedms]_ Sa\:s:A I_ HL°9'St['° 0.65 oS::]aredAucrleg: [=0.65, '=0.45]
® - m=0.65, n’=0. - m=0.65, n'=0. -Airplane-Horse [r=0.65, n’=0. -Airplane-Horse [n=0.65, n’'=0.
Symmetric Loss : . - -
y | Properties of Symmetric Losses . . g
E(Z) + f(—z) = Constant £: R — R Symmetric loss Is useful but its theoretical understanding Is limited... éeo 2 50 880 : [\
1.5 \ — Why? because nonnegative symmetric losses are non-convex. § 7 3. En 3s
. \. T i'gmo'd Theory of convex losses cannot be applied. () (@ F1essisn 2004, Ghoshe 20150 5, Se &
T e Ua:fp ; We prove several properties of symmetric losses, e.g., o0 1 5 “ .
T o Hinge - Necessary and sufficient condition for classification-calibration o B W 4 0 B P N N ® 0 W A % L ® 0 0 N D L w
= . « [nability to estimate class posterior probability - _ uti | s with full dl
....... e A sufficient condition for AUC-ConSiStency AI'C Itecture: COHVO ution neural networks wit u y connecte ayel'
\ YVATED — _ — followed by dropout layer:
o N : ell-known symmetric losses, e.g., sigmoid, ramp are dim-Conv[18,5,1,0}-Max{2,2]-Conv[48,5,1,0]- Max[2,2]-800-400-1
. ' Activation function: Rectifier linear units (RelLU)
Learning from Corrupted Labels Barrier Hinge Loss
| (Scott+, 2013, Menon+, 2015, Lu+, 2019)  Q3: Can we have a nonnegative convex loss that benefits from symmetric condition? Symmetric losses & barrier hinge loss are preferable!
Given: Two sets of corrupted data _ , . . . .
pos(a): plaly = +1) Barrier hinge loss: A convex loss that is symmetric in the middle region. A negatively unbounded unhinged loss is observed to be less preferable when using complex models.
Positive: Xcp:= {zCP1er "X rpos () + (1 — 7) neg(x) resle) © gy — — 1) I 1 * 5 [ E——
Negative: Xon = {aN}ey "% a'pos (@) + (1 - w)neg(®) 7,7/ € [0,1]and 7 > 7’ H ‘ - sawes References
Find: g X Rd — R that minimizes Ep (] T ( )H El Z I[l]CS(c):iEIE, gd,lglanchard, G., and Handy, G. Classification with asymmetric label noise: Consistency and maximal denoising.
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Similar results hold for BER In this paper and thus omitted for breuvity. unlabeled data. In ICLR, 2019

Can be viewed as a soft-constrained unhinged loss£(z) = 1 — 2 wan rooyen+. 2019




