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I Class-Conditional Noise
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I Class-Conditional Noise
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Figure 1: Examples of 8 in MNIST (first row) and Airplane in
CIFAR-10 (second row). It is problematic to assume a same
probability of mislabeling for diverse samples in each class.
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I Instance-dependent Noise

Definition 2. (IDN Model) Under the IDN model, M : X —
0, 1]¢*¢ is a function of X. We observe samples (X,Y) ~
D = IDN(D, M), where first we draw (X,Y) ~ D as
usual, then flip Y to produce Y according to the conditional

1

probability defined by{M(X)i, i.e., Pr(Y = ¢|Y = p) =

M, ,(X), where p,q € Y.

1. Assumption
Stronger noise for samples closer to the decision boundary of the Bayesian optimal classifier

2. Challenges:
* No recognized formation of noise pattern (Part transition matrix)
« Distribution of instances change sup(P(X|Y =YY = p)) £ supp(P(X|Y = p))
« DNN fit IDN instance easier
« Memorization effect performs less significantly

Xia, X, et. 2020. Parts-dependent label noise: Towards instance-dependent label noise. NIPS 2020.



I A controllable IDN generator

1l—7 = ... L=
n—1 n—1
e I =} Algorithm 1 IDN Generation.

Sym-flipping: T'=

Input: Clean samples D = {(x;,y;)}/,, a targeted noise
= fraction p, epochs T
Initialize a network f.

0 1-7 7 0 fort =1to T do
Pair-flipping: T'=| U for batches {(z;,y;)}icp do
0 . Train f on {(x;, ¥;) }+cp using cross-entropy loss:
1 ¢
0 ... 1-7 Lor = — 51 2uienl08(fy, (i)
end for
Record output S* = [f*(z;)]"., € R™*°.
The score of mislabeling end for
T Compute N (z;), §(=;) using {S*}Z_; (Eq. (3).
S = Z SY/T € R™™¢, Compute the index set Z = {p% arg maxi<;<, N (x;)}.
t=1 Flip y; = y; if = € 1 else keep y; = v;.
N(z;) = I;CI%X Sik, Ulx;) = arg Ikn#a:LgX Si ks Output: A dataset with IDN: D = {(x;, 4;) }"_;.

The instance with noisy label and high confidence



I Some effects on IDN
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The memorization effect still exists under
IDN, but it is less significant compared to CCN.
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(a) MNIST (b) CIFAR-10
Figure 3: Examples of softmax outputs on the noisy label and
latent true label. The x-axis is training epoch and the y-axis
is DNN’s output probability. The airp. is airplane for short.



I A simple method : SEAL

Algorithm 2 An iteration of SEAL.

Input: Noisy samples D = {(x;, 7;) }?,, epochs T, soft
labels from the last iteration .S (optional).
Initialize a network f.
if S is not available then B
# The initial iteration, using one-hot noisy labels S =
leg, ], € R™*¢ where ey, is the one-hot label.
end if
fort =1to7T'do
for batches {(z;,S;)}icn do
Train f on {(z;, S;) }icp using the loss:
LsEAL = — 18] 2oicn 2ohe1 Sik 108(fi(2:))
end for
Record output S* = [ft(x;)]", € R™*¢,
end for B
Update S =3, §*/T € R"*°,
Output: Trained f, S (can be used in next iteration).




I Experiments

Table 1: Classification accuracies (%) on MNIST under Table 2: Classification accuracies (%) on CIFAR-10 under

instance-dependent label noise with different noise fractions. instance-dependent label noise with different noise fractions.
Table 3: Testing accuracy (%) on Clothing I M. The * marks
Method 0%  20%  30%  40% Method 0%  20%  30% @ 40% published results.
CE 94.07 85.62 7575 65.83 CE 9125 8634 80.87 75.68
+029 4056 +0.09 +0.56 1+0.27 +0.11 +0.05 4029
Method Accuracy
93.93 8539 7629 6830 91.06 8635 7887 71.12
Forward 1014 4092 4081 +042 Forward 1002 4011  +2.66 +047 CEe 6804
Forward* 69.84
o 9577 91.07 8620  79.30 . 9122 8728 8433  78.72 Co-teaching 70.15
Coteaching /13 L1019 1035 4084 Co-teaching | 5rs 1020 4017 4047 GCEx 69.09
GCE 9456 8671 7832 69.78 GOE 90.97 8644 8154 7671 f)";}l‘{f"“m‘za“o“* %4]12
+0.31 4047 +0.43 4058 +021 +023  +0.15 4039 :
CE 69.07
94.13  85.63 75.82  65.69 90.94 86.16 80.88  74.80
DAC +0.02 4056 +0.58 +0.78 DAC 1+0.09 +0.13 +046 +0.32 SEAL 2063
DMI 7227
9421 87.02 76.19  67.65 9126 8657 8198 77.81
DMI 1012 4042 4064 4073 DMI 4006 4016 +0.57 +0.85 SESEY il
SEAL 96.75 93.63 88.52 80.73 SEAL 91.32 8779 8530 82.98

+0.08 4033 £0.15 +041 +0.14  +£0.09 £0.01 +£0.05
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Figure 5: Histograms of distance distribution, where distance
1s evaluated between the true label and the soft label obtained
by SEAL in 1-3 iteration.
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I A more generalized noise pattern - PMD Noise

Polynomial Margin Diminishing (PMD) label noise
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Definition 1 (PMD noise). A pair of noise functions 1o 1(x) and 1 o(x) are polynomial-margin
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I Progressive Label Correction

Algorithm 1 Progressive Label Correction

Input: Dataset S = {(x1,7?), -, (z,,7°)}, initial NN f(x), step size 3,

initial and end thresholds (7y, T.,q), Warm-up m, total round N

Output: ffinq(-)

1:
2:
3:

4.
5:
6:
7
8
9

10:
11:
12:
13:
14:
15:

T(—TQ
0 «— 1/2—T()
fort < 1,---,Ndo
Train f(z) on S
for all (z;,y!"") € Sand |f(z;) — 1| > 0 do

U @b

end for

if t > m then
0+ 1/2-T
ifvi € [1,---,n],y’ =y~ then

T+ min(T(1 4+ 3), Tena)

end if

end if

S {(mlagtl)v e 7(mﬂ7%)}

end for
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I Experiments
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Table 1: Test accuracy (%) on CIFAR-10 and CIFAR-100 under different feature-dependent noise
types and levels. The average accuracy and standard deviation over 3 trials are reported.

Dataset Noise Standard Co-teaching+ GCE SL LRT PLC (ours)
Type-1(35% ) 78114074 7997 +0.15 80.65+0.39 79.764+0.72 80.98+ 0.80 | 82.80 + 0.27
Type-1(70% ) 4198 £1.96 40.69 £1.99 36.52+1.62 36.29£0.66 41.524+4.53 | 42,74 +2.14
CIFAR-10 Type-Il (35% ) | 76.650+£0.57 77.34+0.44 7760+ 0.88 77.92+0.89 &80.74+0.25 | 81.54 +0.47
Type-Il (70% ) | 45.07 £ 1.12 4544 +0.64 40.30+1.46 41.11+1.92 44.67L3.89 | 46.04 £2.20
Type-III (35% ) | 76.89 £0.79 78.38 +£0.67 79.18 +£0.61 78.81+0.29 &81.08+0.35 | 81.50+0.50
Type-lII (70% ) | 43.32£1.00 41.90+0.86 37.10+£0.59 38.49+1.46 44.47+1.23 | 45.05+1.13
Type-1(35% ) 57.68+£0.29 56.70 £0.71 5837+ 0.18 55.20+0.33 56.744+0.34 | 60.01 +0.43
Type-1(70% ) 39.324+043 39.53+£0.28 40.01£+0.71 40.02+£0.85 45.294+0.43 | 45.92 +0.61
CIFAR-100 Type-Il (35% ) | 57.83+£0.25 56.57 £0.52 H&11+1.05 56.10£0.73 57.25+0.68 | 63.68 +0.29
Type-I (70% ) | 39.30£0.32 36.84 £0.39 37.75+£0.46 38454+0.45 43.71+0.51 | 45.03 £0.50
Type-III (35% ) | 56.07 £0.79  55.77 £0.98 5H7.51+1.16 56.04£0.74 56.57+0.30 | 63.68 +0.29
Type-III (70% ) | 40.01 £0.18 35.37 £2.65 40.53£0.60 39.944+0.84 44.41+0.19 | 44.45 +£0.62




I Experiments

Table 2: Test accuracy (%) on CIFAR-10 and CIFAR-100 under different hybrid noise types and
levels. The average accuracy and standard deviation over 3 trials are reported.

Dataset Noise Standard Co-teaching+ GCE SL LRT PLC (ours)
Type-I + 30% Uniform 75.26 £0.32 78.72+£0.53 78.08+£0.66 T77.79+0.46 75.97+£0.27 | 79.04+0.50
Type-I + 60% Uniform 64.25 £ 0.78 5549+2.11 67.43+1.43 67.63+1.36 59.22+0.74 | 72.21 + 2.92
Type-1 + 30% Asymmetric 75.21+064 7543296 76.914+056 77.144+0.70 76.96+0.45 | 78.31+0.41
Type-1I + 30% Uniform 74.92+£0.63 75.19+£0.54 75.69+0.21 75.08+£0.47 75.94+£0.58 | 80.08+0.37
CIFAR-10 | Type-II + 60% Uniform 64.02 £ 0.66 59.89+£0.63 66.39£0.29 66.76 £1.60 58.99+1.43 | 71.21+1.46
Type-II + 30% Asymmetric | 74.28 +0.39 73.374+0.83 75.30£0.81 75.434+0.42 77.03+0.62 | 77.63 +=0.30
Type-1II + 30% Uniform 74.00£0.38 77.31+£0.11 77.00£0.12 76.22+0.12 75.66=£0.57 | 80.06 = 0.47
Type-III + 60% Uniform 63.96 £0.69 56.78 £1.56 67.53£0.51 67.79£0.54 59.36+0.93 | 73.48:1.84
Type-III + 30% Asymmetric | 75.31 £0.34 74.62+1.71 75.70£091 76.09+0.10 77.19+0.74 | 77.54+0.70
Type-I + 30% Uniform 48.86 £0.56 52.33£0.64 52.90£0.53 51.34£0.64 45.66+=1.60 | 60.09-+£0.15
Type-I + 60% Uniform 35.97+1.12 2717+£1.66 38.62+1.65 37.57+043 23.37+0.72 | 51.68+0.10
Type-1 + 30% Asymmetric 45.85+0.93 51.21+£0.31 52.69+1.14 50.18+£0.97 52.04£0.15 | 56.40 £+ 0.34
Type-1I + 30% Uniform 49.32+0.36 51.99+£0.75 53.61£0.46 50.58£0.25 43.86+1.31 | 60.01+0.63
CIFAR-100 | Type-II + 60% Uniform 35.16 £0.05 25.91£0.64 39.58+3.13 37.93+£0.22 23.05%£0.99 | 49.35+£1.53
Type-II + 30% Asymmetric | 46.50 £0.95 51.07+1.44 51.98£0.37 49.46+0.23 52.11+0.46 | 61.43 +£0.33
Type-1II + 30% Uniform 4894 £0.61 49.94£0.44 52.07£0.35 50.18£0.54 42.79+1.78 | 60.14£0.97
Type-III + 60% Uniform 34.67+0.16 2289+£0.75 36.82+£0.49 37.65+1.42 2281+0.72 | 50.73 +2.16
Type-lIII + 30% Asymmetric | 45.70 =0.12 49.38 +=0.86 50.87 £1.12 48.154+0.90 50.31+0.39 | 54.56 = 1.11
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Table 5: Test accuracy (%) on Clothing1 M.
Method | Standard Forward D2L JO PENCIL DY GCE SL  MLNT LRT | PLC (ours)
Accuracy 68.94 69.84 69.47 7223 73.49 71.00 69.75 71.02 7347 71.74 74.02

Table 6: Test accuracy (%) on Food-101N. Table 7: Test accuracy (%) on ANIMAL-10N.

Method Accuracy Method Accuracy

Standard 81.67 Standard 794 £ 0.14
CleanNet (Lee et al..[2018 83.95 SELFIE (Song et al.| 2019) | 81.8 4+ 0.09
PLC (ours) 85.28 4+ 0.04 PLC (ours) 834 +0.43




