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Figure 2. A experiment for masking the max-activated region with different mask ratios.

Mask Strategy
The performance gains of different mask

() Clean-trahed (k) Noey-tramed () Noisy-trained strategies under 50% and 80% symmetric noise of CIFAR-10/100 [14] are reported, where DivideMix [|5] is adopted as the baseline.

Mis-predicted Mis-predicted Correctly-predicted

"Fixed(0.2/0.3)" denotes masking all the images with the same mask ratio of 0.2/0.3. "Random” represents masking images with a random

Figure 1. Activation maps of mis-predicted (a-b) and correctly- mask ratio between 0.2 and 0.4. "Noise-aware” is masking noisy samples with a mask ratio of 0.3 while the ratio for clean ones is 0.2.

predicted (c) samples when training PreAct ResNet-18 with clean
(i.e., clean-trained) and noisy (i.e., noisy-trained) data on CIFAR-
10 (1st and 2nd row) and Clothing IM [35] (3rd row).

Difference in Activation Maps

Noise-aware Mask induces Better Results!
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Contribution

® We propose a novel self-supervised adversarial noisy masking method named
SANM to explicitly impose regularization for LNL problem, preventing the
model from overfitting to less informative regions from noisy data;

® A label quality guided masking strategy is proposed to differently adjust the gy
process for clean and noisy samples according to the label quality estimation.  wim
This strategy modulates the image label and the ratio of image masking "
simultaneously;
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® A self-supervised mask reconstruction auxiliary task is designed to
reconstruct the original images based on the features of masked ones, which
aims at enhancing generalization by providing noise-free supervision signals.

[1] Masked Autoencoders Are Scalable Vision Learners. CVPR2022
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Figure 3. The technical workflow of the proposed SANM. Three components are included in SANM: AMG (Adversarial Masking Gen-
eration), NLR (Noisy Label Regularization), SMR (Self-supervised Masking Reconstruction). In AMG and NLR, firstly feed the images
to an encoder and generate activation maps. And a label quality guided adversarial masking strategy is proposed to modulate the images
and noisy labels simultaneously. Further, an auxiliary decode branch is designed in SMR to reconstruct input images from the features of
masked images. Finally, the generated modulated images and labels of SANM together with the reconstruction loss can be directly adopted
for the training of existing LNL framework.

AMR: Adversarial Mask Generation ~ NLR: Noisy Label Regularization  SMR: Self-supervised Masking Reconstruction
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Adversarial Noisy Masking Noisy Label Regularization

A; = CAM(F;, argmax(y;))
yi(§) — ri + rife, if § = argmax (yi(j))

l Masked Ratio " = Mp(2}";0E) » vi(J }:{ yi(j) +rife.  otherwise ’

ri=px(1-Gi) Label Regularization
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5" = Mp(§™;0p) B L= |z} — =il

' e

U(0,1), if m € [, hd"] ,n € [w, wi] Overall Objective

z;(m,n), otherwise.

Self-supervised Masking Reconstruction

o m,m) = {

w0 ‘Ctra.in — ﬁc + ﬁﬁr
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Dataset

Simulated Noisy Dataset: CIFAR-10/100

Algorithm 1 The proposed SANM framework i HIE o |- |
automobile E.!.HHH‘

Algorithm

Input: Noisy training set D, encoder model M g(-; 8 ), decoder model : = ir & B
Mp(-; 8p), batch size b, max iterations m, basic mask ratio . s Smill NEC ¥ ..
Procedure: == sl e LA o
I: fori=1tomdo e A~ Sy VEREE
2 {:|:=.*_r,;r=}1_1 + SampleMiniBatch(D, b). dog =B
3:  Feed {z;}?_, into Mg and generate feature maps {F;}?_, and sk EREESEAEE
prdicions {7:}!_,. e RIS PR B
4:  Generate activation maps {A; }?_, by Eq. (1). il Eﬁ.i'!. -

5 Calculate mask ratios {r;}’_, and adversarial masked images -

, o
{=" by Eq. (2-5). s RN E ST S

6:  Feed {:r -1 into Mg and generate predictions {37 }?_, and Real-world N01sy Dataset ClothlnglM
features {f] "‘} , by Eq. (6). "
& Calculate the regulanzed labels {y,_ 1 by Eq. (7).
8:  Calculate cross-entropy loss L. by Eq (8) Training
9:  Feed {f™}"_, into Mp and generate reconstructed images o
{z7}2_, by Eq. 9). (S
10:  Calculate self-supervised reconstruction loss £, by Eq. (10). :‘;;‘:I\L_ Windbreaker x  Shawl x Sweater 2  Windbreaker ?
11:  Update parameter 6, 6 in backward process.
12: end for
Output: The final encoder Mg (-;0g).
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Experiment
Results on Simulated & Real-world Noisy Datasets
Table 1. Comparison with state-of-the-art methods on CIFAR-10/100 datasets with symmetric noise. Table 2. Asymmetric noise on CIFAR-10. Table 3. Testing accuracy on Clothing-1M.

Dataset CIFAR-10 CIFAR-100 Noisy ratio Method Acc
Method/Noise ratio | 20%  50%  80%  90% | 20%  50%  80%  90% Method 0% 40% CrossEntropy 69.21
Cross-Entropy (CE) 86.8 79.4 62.9 2.7 62.0 46.7 19.9 10.1 Joint-Optim [ 2] 928 91.7 F-correction [ 4] 69.84
Co-teaching+ [11] 89.5 85.7 67.4 47.9 65.6 51.8 27.9 13.7 PENCIL [ 0] 94 912 M-correction [ 1] 71.00
Mixup [41] 95.6 87.1 716 522 678 573 30.8 14.6 F-correction [ 24]| 89.9 - Joint-Optim [ 3] 72.16
PENCIL [40] 92.4 89.1 75 58.9 69.4 57.5 311 15.3 Distilling [16] 92.7 90.2 Meta-Cleaner [45] | 72.50
Meta-Learning [ 16] 92.9 89.3 77.4 58.7 68.5 59.2 2.4 19.5 Meta-Learning [16] . 88.6 Meta-Learning [16] | 73.47
M-correction [ 1] 94.0 92.0 86.8 69.1 739 66.1 48.2 243 M-correction [ 1] . 86.3 PENCIL [+0] 73.49
DivideMix [ 5] 96.1 94.6 93.2 76.0 77.3 74.6 60.2 31.5 Iterative-CV [ 1] . 88.0 Self-Learning [10] | 74.45
C2D [17] 963 952 944 935 | 786 764 617 587 DivideMix [15] 934 934 DivideMix [15] 74.76
AugDesc [ 27 96.3 95.4 93.8 91.9 795 772 66.4 412 REED [#] 95.0 923 Nested [] 74.90
GCE [7] 90.0 89.3 73.9 36.5 68.1 533 22.1 8.9 C2D [47] 93.8 934 AugDesc [22 75.11
Sel-CL+[19] 955 939 892 819 | 765 724 596 488 Sel-CL+ [19] 952 934 RSLE 74.90
MOIT+ [23] 94.1 918 81.1 747 759 706 476 418 GCE [7] 87.3 781 OCE [3) 73.30

T RRL [17] = 92.4 C2D [47] 74.30
SANM (DivideMix) 96.4 95.8 94.6 923 81.2 78.2 68.7 435 1N— —
SANM(C2D) 9%.6 9.4 957 951 | 819 793 716 619 sANM(DrvidsMix) | 954 45 SANM(DivideMix) | 75.63
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Exper iment Component Analysis

(a) CIFAR-10

97
Table 5. Ablation study for the effectiveness of each key component. AMG: adversarial noisy masking generation, NLR: noisy label o :::m:m:
regularization, SMR: self-supervised masking reconstruction. 9 i :::z:m:
Component CIFAR-10 CIFAR-100 § 8- SANM{S0%) i
AMG NLR SMR 0% 50% 80% 90% | 20% S50% 80% 90% @ SANM(BO%) P e
Best | 96.1 946 932 760 | 773 746 602 315 > - o “—.
X X X |7 oaa 929 754|769 742 596 310 Egs = T R e
Y X x Best [ 963 053 940 914 | 802 773 680 427 3 O IR T g - T
Last | 962 951 936 908 | 797 770 675 425 G g4 Y gl . ey i
% /  x Best [ 94 955 942 916 | 805 775 683 430 < e S i s
Last | 963 954 940 915 | 802 77.1 682 427 Lk o T T g e o .
y, / , Bot |94 958 946 923 812 782 687 435 93 i g "
Last | 963 956 943 921 | 80.4 780 683 430 N g
g2 L. . . ; : . . , ; ,
. . . 0 001 005 01 015 02 025 03 04 05
Comparison with Masks from Pre-trained Backbones Badic Mask Ratio p
Table 4. Comparison with masks gener-
ated from pre-trained backbones on CIFAR-
a b) CIFAR-100
10/100. M: Method. P: Pretrained Back- 80.0 (b)
bone. S: SANM. D: DivideMix. C: C2D. 7154 .
¢ F e,
Dataset CIFAR-10 el —
— e o el
M P S |20% 50% 80% 90% L P S e e
- v X960 951 937 815 >72.51 =+ Nandamici
X V|94 958 946 923 2 700! - Fixeal50%)
: ~#e Finad{B0%
" vV X963 954 950 939 S S i e
X V 1 9.6 964 957 95.1 <079 i S
Dataset CIFAR-100 65.01 r T —
M P S 20% 50% 80% 90% 6251 o ‘ = "“___,.--.::111::."'13:#;::1.-'-‘.‘,-‘""'"""""" IR SRR
v X | 788 766 649 364 c0.0 L o S
X V |812 782 687 435 “ 0 001 005 01 015 02 025 03 04 05
c v X800 771 692 584 Basic Mask Ratio p
X V819 793 716 619
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Experiment

Table 6. Comparison between the LNL methods and their SANM applications with symmetric noise on CIFAR-10/100. Specifically, the
9-layer CNN is adopted as the backbone network of Co-teaching.

Dataset CIFAR-10 CIFAR-100
Method/Noise ratio 20% | 50% | 80% | 90% 20% | 50% | 80% | 90%
CE Best | 868 | 794 | 629 | 427 | 620 | 467 | 199 | 101
SANM(CE) Best | 924 | 897 | 721 | 515 | 709 | 531 | 348 | 186
Co-teaching [1] Best | 826 | 730 | 240 | 146 | 505 | 382 | 118 | 49
SANM(Co-teaching) Best | 892 | 782 | 364 | 207 | 582 | 513 | 194 | 134
CDR[37] Best | 904 | 850 | 472 | 123 | 633 | 395 | 292 | 80
SANM(CDR) Best | 926 | 916 | 553 | 167 | 727 | 564 | 366 | 208
ELR+[21] Best | 946 | 938 | 911 | 752 | 775 | 724 | 582 | 308
SANM(ELR+) Best | 963 | 957 | 941 | 829 | 798 | 773 | 650 | 387

- . - ’ . m Figure 2. The reconstruction result of SANM on CIFAR-10 of

SANM (DivideMix). (a) Original images. (b) The comesponding
reconstruction resulis.

chn:hhhr

Figure 1. Activation maps for samples with noisy and clean labels
between DivideMix and SANM (DivideMix).
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Experiment

Table 3. Companison with state-of-the-art methods in st accuracy

I
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I
:
on Animal-10M. |
|
:
Method | Test Acr:u.m-.:g ) |
|
Cross-Entropy 704 E
ActiveBias [ 1] B0.5 E
PLC [7] 83.4 :
Co-teaching [ 7] 80.2 i
SELFIE [1] BL.EB {a1Ckean-1rained / Mis-predicted (I} Moisy-irained | Mis-predicted (¢} Moisy-trained / Correcily-predicted
CREMA [7] B4.2 Figure 4. The activation maps of the trained base model on Clothing 1M dataset.
SSR[7] 88.5
SANM(SSR) | 803
Table 4. Comparison between the LNL methods and their SANM applications with symmetric noise on CIFAR-10/100. Specifically, the
9-layer CNN is adopted as the backbone network of Co-teaching.
Dataset CIFAR-10 CIFAR-100
Method/Noise ratio |:uﬁ]st&]m|m‘m|m|m|m
CR Best 868 794 629 427 620 46.7 19.9 10.1
: y ; ) Last 827 519 26.1 16.8 618 373 8.8 35
Table 5. Comparison on CIFAR-10/100 with symmetric noise. Bex | md | mbr | 021 [ 2tk | 79 | =i | 2% | 188
RN Last | 921 | £9.0 ‘ 69.6 | 73 ‘ T0.5 | 509 ‘ e d] | 18.1
— Best 826 730 240 L4.6 50.5 382 L8 49
Dataset CIFAR- 10 Ca-ieaching [4] Last i 819 ] 726 ‘ 235 I 17 ‘ 50.3 | 380 ‘ 1.3 | 43
Method A% | 50% | Blrs | W% Best 8.2 782 364 207 S8.2 513 19.4 134

SANM(Co-teaching) (.0 | g6 | 767 | 352 | 184 | ses | sea | 1me | 127

SANM{DivideMix}) | 94414001 | 95794008 | 94624016 | 922840013

B Best | 9.4 | R50 | 472 123 | 633 | 395 | 292 5.0
Diaitaset CIFAR-100 Last | 827 | 494 16.6 i | 629 | 305 97 45
Method T i | T G —— Best | 926 | 9L6 | S53 | 167 | 727 | 564 | 366 | 208
DR Last 9LE 90.8 486 155 .2 532 0.0 19.7

— ; ; M
SANM Drvide®ix § I BlL.21 4000 TE. 220014 I GE.TILO0L] 434940008 T = — — — — —s — — e
+ 15 Last | a4 | 037 | e0s | 735 | 762 | 722 | 568 | 306
SANM(ELR+) Best ! 3 I 95,7 ‘ 4.1 | 2.9 ‘ TO.8 | 773 ‘ 65.0 | 387

Last 954 BLT
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Learning with Noisy labels via Self-supervised
Adversarial Noisy Masking

Thanks for Watching!
https./7github.com/yuanpengtu/SANM
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