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Motivation

|t is difficult to collect and annotate large-scale data.

 Cheap data collection and labeling methods involve noisy labels.
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Fig.1: Label noise from web search.



Noise patterns

 Random classification noise (RCN):

~

Ti,j(X):P(Y:j|Y:i,X):C

* Class-conditional label noise (CCN):

~ ~

T,;x) = P(Y =j| Y =i,x) = P(V = j | Y = i)

* |nstance-dependent label-noise (IDN):

~

T;j(x)=PY =j|Y =1i,x)



CLTM v.s. BLTM

* Instance-dependent Clean-Label Transition Matrix (CLTM):

~o

T;j(x)=PY =7 |Y =i,x%)

* |nstance-dependent Bayes-Label Transition Matrix (BLTM):

~

T (x)=P(Y =7|Y" =1i,x)

i,
The Bayes labels can be directly inferred from the noisy class posterior [1]

and are less uncertain.

[1] Jiacheng Cheng, Tongliang Liu, Kotagiri Ramamohanarao, and Dacheng Tao. Learning with bounded instance-and label-dependent label noise. In ICML, 2020.
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Performance on SVHN

IDN-10% IDN-20% IDN-30% IDN-40% IDN-50%
CE 90.39 :20.13 89.04 132 85.65x1.84 79942771 61.01+L541
GCE 90.82 £0.15 89.351+094 8643 +£0.63 81.664 1.58 54.77 £0.25
APL 71778 =2 0.76 8948 +1.67 83.46 £2.17 77.90+ 2.31 55.25+3.77
Decoupling  90.55 £0.83 88.74 £0.77 85.03£1.63 83.3642.73 56.76 & 1.87
MentorNet  90.28 =0.52 89.09 095 8589 +0.73 82.63 £1.73 55.27 +4.14
Co-teaching 91.0540.33 8956+ 1.77 &87.75+t1.37 84.92+1.59 359.56 + 2.34
Co-teaching+ 92.83 £0.87 90.73 +1.39 86.37+1.66 7524 +3.77 54.58 £ 3.46
Joint 88.39 £0.62 85374044 81.56+043 7898 +298 59.14 £ 3.22
DMI 9211 2049 91.63 £0.87 8698 £0.36 81.11 =0.68 63.22 + 3.97
Forward 90.01 =0.78 89.77+1.54 86.70+1.44 80.2442.77 57.57+1.45
Reweight 91.06 £0.19 9201 £1.04 87.554+1.71 83.79+1.11 55.08 £ 1.25
S2E 9270 2051 92.02+1.54 88.77£1.77 83.06x2.19 65.39 £ 2.77
T-Revision 93.07 £0.79 92.67 0.88 88.49 +=1.44 82.43 = 1.77 67.64 = 2.57
PTD 93.77+£0.33 92594+ 1.07 89.64 1+ 198 83.564+2.21 71.57 4+ 3.32
BLTM 96.05 £0.32 9497 +£0.58 93.994+1.24 87.67+1.29 78.13 Lt4.62
BLTM-V 96.37 = 0.77 9512 +0.40 94.69 +0.24 88.13 4+ 3.23 78.71 + 4.37




Performance on CIFAR-10

IDN-10% IDN-20% IDN-30% IDN-40% IDN-50%
CE 73.54 £0.14 7149 +=135 6752+1.68 58.63+492 51.54+2.70
GCE 7424 £0.839 72.11+043 6931 £0.18 56.86 =092 53.44 + 1.28
APL 71.12 =0.19 68.89 £0.27 65.17=0.35 53.22 221 47.31=x1.41
Decoupling 7391 £0.37 7423 £1.18 7085188 54773 £1.02 52.04+£2.09
MentorNet 7493 £ 1.37 7359 +£129 72324+1.04 57.85+1.88 52.96 1+ 1.98
Co-teaching 7549 1+047 7593 +0.87 74.86+042 59.07+1.03 55.62+ 3.93
Co-teaching+ 74777 £0.16 75.14 £0.61 7192 +2.13 359.154+0.87 53.02 4 3.34
Joint 7597 £098 7645045 7593 L£1.65 63.22+537 55.84+L3.25
DMI 74.65 £0.13 73.49 =088 73.931+0.34 60.22 +3.47 54.35+2.28
Forward 7235091 7098 £0.32 6653196 58.63 t£1.25 52.33+£1.65
Reweight 7355 £032 7149 £0.57 68.76 £0.37 60.32£1.03 52.03£1.70
S2E 7593 £1.01 7553 +£032 7121 £2.51 64.62+0.68 56.03 + 1.07
T-Revision 7401 =045 7342 +£0.64 71154043 5993 £1.33 55.67x2.07
PTD 7633 £0.38 76.05+1.72 75421133 65924233 56.63 + 1.88
BLTM 81.73 £0.56 80.26 =0.63 77.69 =1.37 7196 £2.27 59.15+3.11
BLTM-V 82.16 -+ 1.01 80.37 =198 78.82 +1.07 7293 +4.00 60.33+35.29




