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I Robust loss functions under label noise for deep neural networks

We call a loss function L symmetric if it satisfies, for some constant C

k
> L(f(x),i) = C,¥x € X,Vf

0.0% Noise 80.0% Noise Class Condtional Noise
1.00 1.0 - - . ; 1.0
I
- oslt /
I
1
> 096 |/ > Zosp L E z
M m (0] M
- | 3 g |1 3
g | J 3 4 I+
< 094 1 < < 04 A T <
4 —— CCE Training [ g
0.0z 14 ~— CCE Test 0.2 ?/
| +— MAE Training —
~—— MAE Test
0.90 L L 1 T T 0.0 1 ! I ! 0.2 L 1 I I
0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250
Epochs Epochs Epochs Epochs
(a) (b) (c) (d)
0.0% Noise 40.0% Noise 80.0% Noise Class Conditional Noise
1.00 I 1 1 T 1.0 T 1 T 1 1.0 1 1 T 1 1.0 T 1 T T
0.9 |- B 0.9 | —
095 |- - 09 L — 0.8 08
0.90 F -] 08 | f . 0.7 . 0.7 [
> > |— > >
& @ 2 06| % 06} -
5 0.85 | - 5 07 | - 5 5
3 g g ost . g ost .
< < < <
0.80 —— CCE Training || 06 04 ] 04 n
~— CCE Test 03 |- - 03 =
0.75 +— MAE Training [] 0.5 ]
~— MAE Test 0.2 |- & 0.2 -
0.70 ! 1 T T 0.4 1 ! ! ! 0.1 1 | I ! 0.1 1 1 1 1
0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250
Epochs Epochs Epochs Epochs

() ) (g) (h)



I Proof 1 under symmetric noise

Theorem 1 In a multi-class classification problem, let loss
function L satisfy Eq 2. Then L is noise tolerant under sym-
metric or uniform label noise if n < %

Proof 1 Recall that for any f,

risk <«

{RL(JC) =Ex . L(f(x), yx)\i (3)
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Thus, for any f,

" nk "
Ri(f7) = Ri(f) = (1= =) (Be(f) = Re(f)) <0
because n < % and f* is a minimizer of Ry. This proves
f* is also minimizer of risk under uniform noise.



I Proof 2 under class-conditional noise

Theorem 3 Suppose L satisfies Eq 2 and 0 < L(f(x),1) <
C/(k—1),Yi € [k|. If RL(f*) = 0, then, L is noise tolerant
under class conditional noise when 7;; < (1 —n;),Vj # 1,
Vi, j € [k].

Proof 3 For class-conditional noise, we have

R7(f) =Ep(1 =y ) L(f(%),yx) + Ep D flyi L(f (%))

1 Yx
p(1 =1y )(C = Y L(f(x),4))
1Yz
+Ep Z Mysi L(f(2), 1)
1FYx
=CEp(1 =) =Ep Y (1= e — TTys) L(f (%), 7)
17 Yx

(6)

Since f, is the minimizer of R}, we have R} (f;) — R7L(f*) <0
and hence from Eq.(6) we have

———————————————————————————————————————————
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Ri(f*) = L(f7(%),yx) = 0 ——) L(f*(x),i) = C/(k - 1),

Ry (f;) = L(f;(z),yx) > 0 ——) L(f;(x),i) < C/(k —1),Vi

L(f;(0),i) = C/(k—1) = L(f;(x), ) =0

{

fr(x) = (%)

i # Yk



I GCE-Generalized Cross Entropy Loss for Training Deep Neural Networks with Noisy Labels

MAE is robust but underperform Cross Entropy
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I SL/SCE-Symmetric Cross Entropy for Robust Learning with Noisy Labels

Clean ‘rar'ge‘rs K
i-q-(}é | X) log\g__k _|__X_2 Zgrce(f(x)aj) — A(l — K)
------------ «— k=1

dist of true labels 09

J If given labels are noisy ? (q is not clean)

K go.f,

lree = = ) _p(k | x}loglg(k | x) o
k=1 03 2 = CE == RCE

10g(q(,€ # y|$)) — A When q(k % ylm) — O o2 0 20 40 60 80 100 120

K Number of epochs

lrce = — Zp(k | x) log q(k | x) CIFAR-10 with
—1 60% symmeftric label noise.

= —p(y|x)logl — Y p(k|x)A=-A p(k|x) ﬂ

k+y k#y
— —A(]_ — p(y ‘ X)) { = O-’Ece + 6£rce



I Motivations
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conditional condition

2. CE is non-robust but better for convergence, robust loss functions (at least MAE and RCE)
suffer from underfitting

3. Combine CE and a robust loss function can make them benefit from each other

L(f()y)
S L(f(), )

norm —

Is normalized loss term still robust?



I Robust loss functions suffer from underfitting
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I Active Loss and Passive Loss

Definition 1. (Active loss function) Lacive 1S an active loss | o
function if¥V(x,y) € DVk # y £(f(x), k) = 0. Only explictly optimize the target class

Definition 2. (Passive loss function) Lp,ive IS a passive

loss function if V(z,y) € D 3k # y £(f(z), k) # 0. Besides explictly optimize other classes

o
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I Experiments
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Experiments-Symmetric Noise

Table 2. Test accuracies (%) of different methods on benchmark datasets with clean or symmetric label noise (7 € [0.2, 0.8]). The results

(mean=£std) are reported over 3 random runs and the top 2 best results are boldfaced.

Symmetric Noise Rate (1)

Datasets Methods Clean (n=0.0) 02 0.4 0.6 0.8
CE 99.25 4+ 0.08 97.42 £+ 0.06 94.21 £+ 0.54 86.00 + 1.48 47.08 £ 1.15
FL 99.30 £ 0.02 97.45 £ 0.19 94.71 £ 0.25 85.76 £ 1.85 49.77 + 2.26
GCE 99.27 £ 0.01 99.18 +0.06 98.72 + 0.05 97.43 £0.23 12.77 £ 2.00
NLNL 99.27 4+ 0.02 97.49 + 0.30 96.64 + 0.52 97.22 £ 0.06 10.32 £ 0.73
SCE 99.24 4+ 0.08 99.15 4+ 0.04 98.78 + 0.09 97.45 +0.29 73.70 £ 0.84
MNIST NFL+MAE | 99.39 +£0.04 99.12 £+ 0.06 98.74 + 0.14 96.91 £+ 0.09 74.98 + 1.99
NFL+RCE | 99.38 +0.02 | 99.19 4+ 0.06 98.79 4+ 0.10 97.46 £ 0.03 74.59 + 2.23
NCE+MAE | 99.37 4+ 0.02 99.14 +0.05 98.78 4 0.00 96.76 + 0.34 74.66 £ 1.11
NCE+RCE | 99.37 £0.02 | 99.20 +0.04 98.79 +0.12 97.48 +0.13 75.18 4+ 1.19
CE 90.36 4+ 0.03 75.90 & 0.28 60.28 4+ 0.27 40.90 £0.35 19.65 £ 0.46
FL 89.63 +0.25 74.59 +0.49 57.55 = 0.39 38.91 £ 0.62 19.43 = 0.27
GCE 89.38 £ 0.23 87.27 £0.21 83.33 £ 0.39 72.00 4+ 0.37 29.08 £ 0.80
NLNL 91.93 £0.20 83.98 £ 0.18 76.58 £ 0.44 72.85 +0.39 51.41 £ 0.85
SCE 91.30 £0.22 88.05 +0.26 82.06 = 0.24 66.08 & 0.25 30.69 £+ 0.63
CIFAR-10 | NFL+MAE | 89.25 +0.19 87.33 £0.14 83.81 + 0.06 76.36 = 0.31 45.23 £ 0.52
NFL+RCE | 90.91 +£0.02 | 89.14 +0.13 86.05 +0.12 79.78 +0.13 55.06 £+ 1.08
NCE+MAE | 88.83 £0.34 87.12 £ 0.21 84.19 £+ 0.43 77.61 £0.05 49.62 £ 0.72
NCE+RCE | 90.76 +£0.22 | 89.22 4+ 0.27 86.02+0.09 79.78 +0.50 52.71 4+ 1.90
CE 70.89 £ 0.22 56.99 £ 0.41 41.40 + 0.36 22.15 £ 0.40 7.58 +£0.44
FL 70.61 +0.44 56.10 + 0.48 40.77 4+ 0.62 22.14 +1.00 7.21 £0.25
GCE 69.00 & 0.56 65.24 +0.56 58.94 4+ 0.50 45.18 £ 0.93 16.18 £ 0.46
NLNL 68.72 4+ 0.60 46.99 + 0.91 30.29 + 1.64 16.60 £ 0.90 11.01 £+ 2.48
SCE 70.38 £+ 0.45 55.39 +0.18 39.99 £+ 0.59 22.35 £+ 0.65 7.57 £20.28
CIFAR-100 | NFL+MAE | 67.98 +£0.52 63.58 £+ 0.09 58.18 = 0.08 46.10 £ 0.50 24.78 = 0.82
NFL+RCE | 68.23 +0.62 64.52 £ 0.35 58.20 £ 0.31 46.30 £ 0.45 25.16 = 0.55
NCE+MAE | 68.75 +£0.54 | 65.25 +0.62 59.22 + 0.36 48.06 +0.34 25.50 £ 0.76
NCE+RCE | 69.02 +£0.11 | 65.31 = 0.07 59.48 +0.56 47.12 4+ 0.62 25.80+ 1.12




Experiments-Class-conditional Noise

Table 3. Test accuracy (%) of different methods on benchmark datasets with clean or asymmetric label noise ( € [0.1, 0.4]). The results
(mean-+std) are reported over 3 random runs and the top 2 best results are boldfaced.

Asymmetric Noise Rate (1)
Datasets Methods 01 0.2 0.3 0.4

CE 98.53 £ 0.11 96.75 1+ 0.31 9298 +=1.41 85.74 +2.70

FL 98.97 + 0.10 98.35 + 0.17 96.57 4+ 0.36 91.18 +2.02

GCE 99.25 + 0.03 99.11 £ 0.04 96.99 + 0.53 88.56 + 2.40

NLNL 98.38 + 0.17 95.98 4 0.58 91.52+1.14 86.36 4 0.40

SCE 99.15 4+ 0.07 99.05 4+ 0.05 97.96 4+ 0.40 91.89 4+ 3.32
MNIST NFL+MAE 99.31 + 0.05 99.09 +0.12 97.88 + 0.16 93.52 £+ 0.19
NFL+RCE | 99.33 + 0.06 99.13 £ 0.01 97.99 £+ 0.05 93.59 4 0.82

NCE+MAE 99.26 £+ 0.02 99.21 £ 0.04 98.99 £ 0.03 93.40 = 1.28

NCE+RCE | 99.34 +£0.06 99.17 + 0.02 97.94 + 0.21 93.12+1.17

CE 87.38 £ 0.16 83.62 £ 0.15 79.38 £ 0.28 75.00 £ 0.50

FL 86.35 £ 0.30 82.974+0.14 79.48 + 0.21 74.60 & 0.15

GCE 88.42 + 0.07 86.07 £ 0.31 80.78 £ 0.21 74.98 +0.32

NLNL 88.54 £+ 0.25 84.74 £+ 0.08 81.26 + 0.43 76.97 £ 0.52

SCE 88.13 £ 0.21 83.92 £ 0.07 79.70 £ 0.27 78.20 £0.03

CIFAR-10 | NFL+MAE 88.46 4+ 0.20 86.81 4+ 0.32 83.91 + 0.34 77.16 = 0.10
NFL+RCE | 90.20 +0.15 88.73 1+ 0.29 85.74 4+0.22 79.27 4+ 0.43

NCE+MAE 88.25 4+ 0.09 86.44 4+ 0.23 83.98 4+ 0.52 78.23 +0.42
NCE+RCE | 89.95 +0.20 88.56 +0.17 85.58 +0.44 79.59 4 0.40

CE 65.42 £+ 0.22 58.45 4+ 0.45 51.09 4+ 0.29 41.68 £ 0.45

FL 64.79 + 0.18 58.59 4+ 0.81 51.26 = 0.18 42.15 +0.44

GCE 61.98 + 0.81 59.99 + 0.83 53.99 + 0.29 41.49 +£0.79

NLNL 59.55 4+ 1.22 50.19 4 0.56 42.81 +£1.13 35.10 +0.20

SCE 64.15 + 0.61 58.22 4+ 0.47 49.85 + 0.91 42.19 £0.19

CIFAR-100 | NFL+MAE | 66.06 £ 0.23 63.10 4= 0.22 56.19 + 0.61 43.51 +£0.42

NFL+RCE | 66.13 +0.31 63.12 4+ 0.41 54.72 + 0.38 42,97+ 1.03
NCE+MAE 65.71 4+ 0.34 62.38 4+ 0.60 58.02 &= 0.48 47.22 + 0.30
NCE+RCE 65.68 £ 0.25 62.68 £ 0.79 57.82 +£0.41 46.79 4+ 0.96




I Experiments-NGCE & real-world Noise

Table 4. Test accuracy (%) of APL losses NGCE+MAE and
NGCE+RCE on CIFAR-10 under both symmetric and asymmetric
noise. The top-2 best results are in bold.

1 Symmetric noise Asymmetric noise
Methods 0.4 0.3 0.4
GCE 83.33 = 0.39 29.08 = 0.80 74.98 £ 0.32

NGCE+MAE | 84.14 - 0.15 50.55 &= 1.08 76.55 1= 0.48
NGCE+RCE | 85.76 £ 0.26 44.69 £ 4.93 71.65 = 0.68

Table 5. Top-1 validation accuracies (%) on clean ILSVRC12 vali-
dation set of ResNet-50 models trained on WebVision using dif-
ferent loss functions, under the Mini setting in (Jiang et al., 2018).
The top-2 best results are in bold.

LLoss CE GCE SCE NCE+MAE NCE+RCE

Acc | 58.88 53.68 61.76 62.36 62.64
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I Motivations

1. Cross entropy achieving good convergence but not robust (clean instances / easy instances)

2. Robust loss function suffers from underfitting (noisy instances / hard instances)
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Learning with Complementary Losses

Algorithm 1: Learning with Complementary Losses.

R N R SRy
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Input: Training set D, robust 10ss £ 65, T, Twarm» @,
1, Y2, batch size B and Optimizer O.
Output: Model parameters 6.
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end
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I Experiments(CIFAR-10)

Noise type Uniform Class-conditional
Noise ratio 0.2 0.4 0.6 0.2 0.3 0.4
Standard CE 83.78+0.32 67.73£0.72 47.79£0.82 | 86.54+0.52  81.86+0.70 76.02+0.93
GCE (2018) | 90.44+0.08 88.08+0.13 81.1340.21 | 90.30+0.16  88.68+0.10 84.7740.87
SCE (2019) | 91.6840.17 87.54+0.47 78.88+0.69 | 89.91+0.58  84.864+0.77 76.52+1.33
APL (2020) | 87.79+0.48 79.13+0.75 66.51£1.38 | 90.14+0.34  83.70+1.08 76.02+1.20
Ours (CE+MAE) | 93.49+0.14  92.04+020 89.37+0.14 | 94.10+0.17  93.01+0.20 91.52+0.21
Ours (CE+APL) | 9220+0.54 90.4740.87 88.014+0.55 | 94.08+0.14  93.39+0.17 91.89+0.19
M-correction (2019) | 93.694+0.32 93.1840.10 90.5940.33  — —_— —
DivideMix (2020) | 95.23+0.22 93.62+0.15 92.8440.19 | 93.2040.28  92.38+0.24 91.15+0.69
Ours* (CE) | 93.6240.21 932140.17 92.33+0.24 | 93.83+0.18  92.8240.22 91.39+0.26
Ours* (CE+MAE) | 95.3740.09¢ 94.79+0.11e 93.59+0.19¢| 94.98+0.14e 94.33+0.2de 92.18+0.42¢
Ours* (CE+APL) | 94.70+0.13 93.80+0.14 92.68+0.27 | 94.34+0.14  93.38+0.28 91.10+0.40




I Experiments(CIFAR-100)

Noise type Uniform Class-conditional
Noise ratio 0.2 0.4 0.6 0.2 0.3 0.4
Standard CE 62.824+0.27 49.10+0.37 31.1140.36 63.43+0.20 54.37+£0.30 44.89+0.40
GCE (2018) | 69.43+0.20 64.44+0.14 55.96+0.47 | 68964020  64.68+0.22 50.67+0.44
SCE (2019) | 61.60+0.31 46.214£0.40 30.05+0.73 | 62.1840.21  53.67+0.30 44.29+0.39
APL (2020) 70.7440.33  61.92+0.52 48.64+0.83 | 63.114£0.45 52914046 42.4840.68
Ours (CE+MAE) | 71.63+0.26  68.61+0.35 62.52+0.22 | 69.99+0.23  68.32+0.20 65.72-£0.28
Ours (CE+APL) | 71.2640.36 68.50+0.28 62.30+0.23 | 69.5440.17  67.7140.23  65.39+0.52
M-correction (2019) | 68.95+0.53 65.434+0.30 59.43+0.36 - — —
DivideMix (2020) | 74.8040.28 72.92+0.20 69.38+0.26 | 74.90+0.41  72.14+0.45 50.7940.62
Ours* (CE) 71.0440.40 69.20+0.27 65.0940.33 | 67.80+0.37  66.1240.36  65.1940.29
Ours* (CE+MAE) | 77.614+0.22¢ 75.81+0.37¢ 72.17+0.30e| 76.74+0.53¢ 75.32+0.39¢ 68.07+0.79
Ours* (CE+APL) | 77.214£0.39 75.62+0.27 71.3440.60 | 76.50+0.41  74.4740.50 68.18+1.16e




I Experiments

Noise ratio Uniform (0.5) | Class-cond. (0.3)
Standard CE 23.16+0.53 43.671+0.22
SCE 23.8940.32 38.924+0.44
APL 5.43+0.14 Fail
Ours (CE+MAE) 50.5940.33 51.9940.29
Ours (CE+APL) 50.67+0.29 51.31+0.19
Ours™ (CE) 48.98+0.32 45.88+0.44
Ours* (CE+MAE) | 56.7340.35 57.27+0.40
Ours* (CE+APL) | 55.2440.39 56.64+0.29
TinyImageNet
CE GCE SCE M-corr. D-mix. Ours
Acc. 68.80 69.75 71.02 71.00 74.76 73.59

clothinglM



