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Clean Labels Dominate

 The label noise model can be formulated as

~ Yn with probability (1 — 7, )
Yn =

~|i,i € [k],i #y,  with probability Nx,i



Clean Labels Dominate

 The label noise model can be formulated as

- Yn with probability (1 — 7, )

}’n = l,l = [k],l =+ yn W]th probablllty T]x R

* Assumption 1. The label noise model is clean-labels-dominant, i.e., Vx, 1 — 1, > max1n, ; .
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Figure 1. lllustrations of clean-labels-dominant and clean-labels-non-dominant cases.



Asymmetric Loss Functions

* Definition 1. On the given weights wy, ..., wy, = 0, where 3t € |k], s.t., w; > matx w;, a loss
[ #
function L(u, i) is called asymmetric if L satisfies

K
arg min z w;L(u,i) = argminL(u,t),
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where we always have arg min L(u,t) = e;.
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iy
» We define that L is asymmetric on the label noise model satisfying Assumption 1, if V(x, y), L is
asymmetricon {1 — n,} U {Ux,i}- . L is called on any weights that

iy
contain a unique maximum. L is called strictly asymmetric, if ¥ ¥ w;L(u, i) < Y.¥ w;L(u/, 1),

vu,u' € C, u; > u;'.



Properties of Asymmetric Loss Functions

Theorem 1 (Classification calibration). Completely asymmetric loss functions are

classification-calibrated.

0.7
---------------------------------------------------------------------------
0.8 0.6
"""""""""""""""""""""" 0.5
0.6
N -~ 04
0.4 /\ 03
— a=0.5,g=15 7/a=1.5,p§§\
-- a=0.5,9g=1.5 0.2 --- a=15,p=0.
0.2 — a=1.0,9g=1.5 — a=2.0,p=0.5

-- a=1.0,9g=1.5 0.1 -- a=2.0,p=0.5
— a=1.0,g=2.0 — a=4.0,p=0.7
00 -= a=1.0,q=2.0 OO == a=40,p=07
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
(a) AGCE (b) AUL

Figure 2. Verification of classification calibration. Solid and dashed lines denote the curve of Hy(n) and H, (1)



Properties of Asymmetric Loss Functions

Theorem 2 (Excess risk bound). An excess risk bound of a strictly and completely

asymmetric loss function L(u, i) = €(u;) can be expressed as.

) 2(Rp(f) — Ry)
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whereR, = i?f Re, . (f), and R, = i?fR,g(f).
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Theorem 2 (Excess risk bound). An excess risk bound of a strictly and completely

asymmetric loss function L(u, i) = €(u;) can be expressed as.

) 2(R,(f) — Ry)
Re, ,(f) —Rp, . < 200) —2(1)

whereR, = i?f Re, . (f), and R, = i?ng(f).

Theorem 3. Symmetric loss functions are completely asymmetric.

Theorem 4 (Noise tolerance). In a multi-classification problem, assuming that there exists

a hypothesis f € H,V(x,y), f minimizes L(f (x),y), then L is noise-tolerant ifL is
asymmetric on the label noise model.

Theorem 5. Va, 5 > 0, if L, and L, are asymmetric, then al{ + [L, Is asymmetric.



Asymmetry Ratio

Definition 2. Consider a loss function L(u, i) = €(u;), the asymmetry ratio is defined as

? — ¢ + A ? — ¢(1
r@) = inf L)zt thw) o f) 0D
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0<Au<u,
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Theorem 6 (Sufficiency). On the given weights wy, ..., wy, = 0, where w,,;, > w,, and w,, =

max wi, the loss function L(u, i) = €(u;) is asymmetric if ~™ . r(¢) = 1.
lmMm
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max wi, the loss function L(u, i) = £(u;) is asymmetric only if ~™.rv(¢) = 1.
lmMm



Asymmetry Ratio

Definition 2. Consider a loss function L(u, i) = €(u;), the asymmetry ratio is defined as

£(uy) — €(uy + Au) £(uy) —£(1)

= inf < inf — ru(f)..
) = ol 1 20, = A0 — 2y = 0= <1 200) — 2y) | D
u1+u2—1 u1+u2=1

0<Aus<u,
Theorem 6 (Sufficiency). On the given weights wy, ..., wy, = 0, where w,,;, > w,, and w,, =

max wi, the loss function L(u, i) = €(u;) is asymmetric if ~™ . r(¢) = 1.
lmMm

Theorem 7 (Necessity). On the given weights wq, ..., wy, = 0, where w,,;, > w,, and w,, =

max wi, the loss function L(u, i) = £(u;) is asymmetric only if ~™.rv(¢) = 1.
=M
According to Theorem 6 and Theorem 8, when will become

the necessary and sufficient condition for L(u, i) = €(u;) to be asymmetric.



AGCE, AUL, AEL

Corollary 1 (AGCE). On the given weights wy, ...,wy, = 0, where w,;, > w,, and w,, = max
l=m

w;, the loss function L (u i) =[(a+ 1)‘1 — (a +u;)1]/q (whereq > 0,a > 0) s
asymmetric if and only /f — > (““) -I(g<1)+1(qg>1).

Corollary 2 (AUL). On the given weights wy, ..., wy = 0, where w,,;, > w,, and w,, = max
l=m

w;, the loss function L (u i) =[(a— )p — (a—1P]|/p (wherep > 0,a > 1) is
asymmetric if and only /f - > (a 1) ]I(p >1)+ I(p < 1).

Corollary 3 (AEL). On the given weights wy, ..., wy, = 0, where w,,, > w,, and w,, = max
l=m

w;, the exponential loss function L,(u,i) = exp(—u;/a) (where a > 0) is asymmetric if

and only /f > exp(—)



Experimental Results

Table 1. Test accuracies (%) of different methods on benchmark datasets with clean or symmetric label noise (7 € [0.2,0.4, 0.6, 0.8)).

Table 2. Test accuracies (%) of different methods on benchmark datasets with asymmetric label noise (n € [0.1,0.2,0.3,0.4]). The
'sults (mean=std) are reported over 3 random runs and the top 3 best results are boldfaced.
Asymmetric Noise Rate (1)

The results (mean-+tstd) are reported over 3 random runs and the top 3 best results are boldfaced. Datasets Methods 0.1 0.2 0.3 04
S tric Noise Rat CE 9757 £022 9456 £022 88.81+E0.10 8227 £040
Datasets Methods Clean (n = 0.0) 02 yrgrze e omse %%(n) 0.8 FL 97.58+£0.09 9425+0.15 89.09+025 82134049
- - - - GCE 99.01 £0.04 96.69 £0.12 89.12+£024 81.51£0.19
CE 99.15 £ 0.05 91.62+039 7398+0.27 4936+043 22.66+0.61 NLNL 98.63 +£0.06 98354001 97.51+0.15 95.84+0.26
FL 99.13 + 0.09 91.68 £0.14 74544+ 0.06 50.39 +0.28 22.65+0.26 MNIST SCE 99.14 +0.04 98.034+0.05 93.68+0.43 8536 +0.17
GCE 99.27+0.05 | 98.86 £0.07 97.16£0.03 81.53+0.58 33.954+0.82 NCIESECE gggg i 832 ggég i 8;% gggg i g% ggig ig(l)g
NLNL 98.61+£0.13 | 98.02+£0.14 97.174£0.09 95424030 86.34 + 143 L 00E 009095 L 0.07 DRI L 0.0 9857 - 0.09
MNIST SCE 99.23 £0.10 98.92+0.12 9738+ 0.15 88.83£0.55 48.75+1.54 AGCE 09.10 +0.02 99.07 + 0.09 98.95 -+ 0.03 98.44 + 0.11
NCE 98.60 £ 0.06 98.57 £0.01 9829+ 0.05 97.654+0.08 93.78 +£0.41 AEL 98.99 +0.05 99.06 +0.07 98.90 & 0.15 98.34 & 0.08
NCE+RCE 99.36 + 0.05 99.14 + 0.03 98.51 +0.06 95.60£0.21 74.00 £+ 1.68 CE 8755+ 0.14 8332£0.12 7932+£059 7467 £038
AUL 99.14 £ 0.05 99.05 £ 0.09 9890+ 0.09 98.67 +0.04 96.73 £ 0.20 C%E gg.gg i 8.(3)2 ggg; i 8(2); ;g,gg i g.(})g ;3,53 i 8.3;
AGCE 99.05 £ 0.11 98.96 + 0.10 98.83 +0.06 98.57 +0.12 96.59 + 0.12 SCE 8977 1011 8690L037 81381035 75.16.L 049
AEL 99.03 £0.05 | 98.93+£0.06 98.78+0.13 98.51+0.06 96.40 £ 0.11 NINL | 8854 £025 8474008 8126+ 043 7697 %052
CE 9048 £0.11 | 74.68 £025 5826L021 38.70L053 19.55 £ 0.49 CIFARIO NCE | 74064027 7246+032 69.86+051 6566+ 042
FL 80.82+020 | 73.72+£0.08 57.904+0.45 388640.07 19.13 £0.28 NC,EE]ECE gg‘l’g j_f g}g gg‘l‘g i g}? gjgg i ggz ;ggg i g(l)g
GCE 89.59 026 | 87.03+035 82.66+0.17 67.70£045 26.67 +0.59 AGCE | 8808 £006 86671014 83591015 £0511020
SCE 91.61 £0.19 87.10+£0.25 79.67+037 61.35+056 28.66+0.27 AEL 8522 £ 0.15 83.82+0.15 8243+0.16 5881 +3.62
CIFAR10 NLNL 90.73 £0.20 7370 £0.05 63904044 50.68 +£0.47 29.53 £1.55 NCE+AUL | 90.05+0.20 88.72+0.26 85.48+0.18 79.26 + 0.05
NCE 75.65 £ 0.26 72.89 +£0.25 69494039 62.64+0.18 41.49 +0.66 NCE+AGCE | 90.35+0.15 8848 +£0.16 85.96+0.24 80.00 - 0.44
NCE+RCE 90.87 + 037 | 89.25+0.42 8581008 79724020 55.74 + 0.95 NCE&AEL gzg; i 8‘3"7‘ 2;?11” i ggg §3§; i gig ng; i ‘1);1
AUL 91.27 £0.12 89.21 £ 0.09 85.64+0.19 78.86£0.66 52.92+ 1.20 - 6478 £ 050 58051042 SL1SL084 4118.L0.68
AGCE 88.95+022 | 8698+0.12 83.39+0.17 7649+0.53 44.42+0.74 GoE | 6301£101 5935£110 5383.L064 4081.L 057
AEL 86.38 + 0.19 8427+ 0.12 81.124+0.20 74.86+0.22 51.41+0.32 SCE 61.63+0.84 5381 +042 4563+0.07 3643 +0.20
NCE+AUL 91.10 £0.13 89.31 £0.20 86.23+0.18 79.70 £0.08 59.44 + 1.14 CIFAR100 NLNL 59.55+1.22 50.194+0.56 42.81+1.13 35.10=£0.20
NCE+AGCE 90.94 £+ 0.12 89.21 +0.08 86.19 +0.15 80.13 +0.18 50.82 +1.46 NCE 27.59+£0.54  257540.50 2428 +0.80 20.64 +0.40
NCE+AEL | 90.71+004 | 88.57+0.14 85.01+0.38 77.33+0.18 47.90 + 1.21 R L O o0 oD%
CE 7133 £043 56.51 £0.39 3992+0.10 21.39+1.17 7.59 +0.20 NCE+AGCE | 67.224+0.12 63.69 +0.19 5593+ 0.38 43.76 & 0.70
FL 70.06 £ 0.70 5578 £1.55 39.83+043 2191 +0.89 7.51 &£ 0.09 NCE+AEL | 66.92+0.22 62.504+023 52.42+0.98 39.99 +£0.12
GCE 63.09 £+ 1.39 61.57+£1.06 56.114+135 45284+0.61 17.42+0.06
SCE 69.62 + 0.42 5225 +0.14 36.00+0.69 20.14 4+ 0.60 7.67 + 0.63
CIFAR100 NLNL 68.72 £ 0.60 4699 £ 091 30294+ 1.64 16.60+090 11.01 £248
NCE 29.96 + 0.73 25274032 19.54+0.52 13.51 £0.65 8.55 £0.37 Table 3. Top-1 validation accuracies (%) on WebVision validation
NCE+RCE 68.65 +0.40 6497 £049 5854+0.13 4580+1.02 2541+ 0.98 set using different loss functions.
NCE+AUL 68.96 £ 0.16 6536 £0.20 59.25+0.23 4634 £0.21 23.03 £0.64 Loss| CE GCE SCE NCE+RCE NCE+AGCE AGCE
NCE+AGCE 69.03 £ 0.37 65.66 £ 0.46 59.47 +0.36 48.02 +0.58 24.72 + 0.60 Acc 166.96 61.76 66.92  66.32 67.12 69.40
NCE+AEL 68.70 £ 0.20 65.36 £ 0.14 59.51 +0.03 46.94 +-0.07 24.48 +0.24




Thanks for your attention!

Any question? Please contact us!

Xiong Zhou: cszx@hit.edu.cn
Xianming Liu: csxm@hit.edu.cn
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