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Algorithm 1 The workflow of DMLP.

Input: Noisy training set [, clean validation set [}, fea-
ture extractor (7(-; #; ), classifier C'(-: w_), batch size b,
max iterations m., period for reguldr idhﬂl substitution
T.

Procedure:

1: Self-supervised training for (7{-; 8

2: Generate features f by Eq. (1)

3 fori=1tomdo

4:  FIPC starts®/

50 {F. Y} +— Sample Mini Batch{f.Ds b)

6:  Calculate closed-form solution w*(Y; ) by Eq. (6)

7

]

'

Predict validation set labels ', by Eq. (7)
Calculate label purification loss L. (Y3 ) by Eg. (8).
Update training labels ¥} in backward process.

11:  FEAC starts®/
12:  Calculate loss for the classifier €'(-;w,.) by Eq. (10)
13:  Update classifier parameter . in backward process.
14: ifi = nT then

15: Update training labels ¥; by Eq. (11)
16:  end if
17: end for

Output: The punfied labels ¥} .
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Symmetric Noise on CIFAR-10/100

Table 1. Comparison with state-of-the-art methods on CIFAR-10/100 datasets with symmetric noise. “CE” is the standard ConvNet trained
with Cross-Entropy loss in an end-to-end manner. “Classifier” means adopts the pre-trained SimCLR features to re-train a linear classifier.
“Val” denotes using a small clean validation set. DivideMix* denotes training DivideMix with the same validation set as additional data.

Dataset CIFAR-10 CIFAR-100
Method Val  Noiseratio | 20% | 50% | 80% | 90% 20% | 50% | 80% | 90%
Cosawopy @B X P8 | o7 | 5 | 261 | t6s | eis | ws | w8 | 35
Cowncing+ 00— X 8 | gy | gar | 455 | w1 || et | ass | 155 | w8
PENCIL (1) X e | o0 | wr | 7es | e | e | sea | 207 | w
REED (1) X T | es7 | esa | oar | 935 || 65 | m2 | ess | s
SehL+ (1 X e | ent | wms | wa | me || o1 | 7m0 | sz | ass
MOIT: (21 X v | ovs | ors | sl | o || ma | o1 | des | w2
copmideMi i) X R | 563 | ost | aar | ova || w3 | 70 | 74 | e
bhdeMix (1) K S| os7 | aud | e2s | 754 || 765 | 742 | sos | 30
Meta-Learning [16] v Best 929 | 893 | 774 | 587 68.5 | 59.2 | 424 | 195
Last 920 | 888 | 76.1 58.3 677 | 58.0 | 40.1 143
ML (4] Yt | ois | ws | | e || ses | me | 1ws | 142
ML 17 Y v | 95 | s | es | 552 | mo | et | 205 | a4
DM 15V S| 5o | aue | se0 | 65 || 71 | 3 | o5 | @2
DMLP-Naie Yt | oz | w0 | 952 | w0 | m3 | ee | 62 | e
omeDideMix ¢ G| 0 | gse | aas | see | ma | o1 | ens | end
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Asymmetric Noise on CIFAR-10

Table 2. Evaluation results with asymmetric noise of different noisy
ratio on CIFAR-10. “Validation” denotes the method exploits a

small clean validation set.

| Noisy ratio

l
Method . Validation | 20%  40%
Joint-Optim [2¢] X 928 917
PENCIL [ 5] X 924 912
M-correction [ ] X - 86.3
Iterative-CV [ 1] X - 88.0
DivideMix [ 1] X 934 934
REED [34] X 950 923
C2D-DivideMix [10] X 938 934
Sel-CL+ [18] X 952 934
GCE [11] X g5 T8
RRL [17] X - 924
Zhang, et al. [19] v 927 902
Meta-Learning [ | ] v - 88.6
MSLC [Y] 4 944 916
DMLP-Naive v 946 93.9
DMLP-DivideMix v 952 950




Real-world ClothinglM

Table 3. Top-1 testing accuracy on Clothing-1M testset. “Valida-
tion” denotes using the validation provided by [ 1].

Method | Validation ‘ Top-1 Accuracy
PENCIL [35] X 73.49
DivideMix [ 15] X 74.76
RRL [17] X 74.90
GCE[!1] X 73.30
C2D-DivideMix [ 0] X 74.30
REED [ %] X 75.81
Meta-Learning [ 16] v 73.47
Self-Learning [ 1] v 76.44
MLC [1] v 75.78
MSLC [9] v 74.02
Meta-Cleaner [ 1] v 72.50
Meta-Weight [ 4] v 73.72
FaMUS [34] v 74.40
MSLG [7] v 76.02
DMLP-Naive v yor kg
DMLP-DivideMix v 78.23

Table 4. Comparison between the LNL methods and their DMLP applications with symmetric noise on CIFAR-10/100. Specifically, the
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Generality of DMLP

9-layer CNN is adopted as the backbone network of Co-teaching.

Diakaset CIFAR-10 CIFAR-100
Method/Naise ratio 20% | 50% | 80% | 90% | 20% | 50% | 80% 90%
—_— Best | 826 | 730 | 240 | 146 | 505 | 382 | 118 49
o-ieaching [12] Last 81.9 72.6 235 11.7 50.3 38.0 113 43
. Best | 858 | 858 | 854 | 846 | 512 | 498 | 481 | 453
DMLP-Co-teaching ;. | g56 | 856 | 853 | 845 | 510 | 403 | 478 | 451
CDR (0] Best | 904 | 850 | 472 | 123 | 633 | 395 | 292 3.0
- Last | 827 | 494 | 166 | 101 | 629 | 395 9.7 45
Best | 914 | 912 | 912 | 902 | 692 | 648 | 614 | 585
DMLE-CDR Last | 912 | 908 | 906 | 893 | 683 | 643 | 611 | 579
— Best | 946 | 938 | 911 | 752 | 775 | 724 | 582 | 308
+ i) Last 94.4 93.7 95 | 735 | 762 | 722 56.8 30.6
Best | 949 | 941 | 930 | 925 | 778 | 736 | 639 | 605
A Last | 946 | 940 | 927 | 921 | 771 | 734 | 636 | 605
Component Analysis

Table 5. Ablation study for the effectiveness of IPC and EAC in
DMLP-Naive on CIFAR-10.

Component CIFAR-10 Clothing
IPC EAC 20% S0% 80% 90% IM
X Y Best | 93.7 933 0911 674 76.5
Last | 93.0 929 906 66.5 76.1
v X Best | 87.8 8.7 799 76.0 76.8
Last | 87.2 855 794 754 76.5
v Y Best | 94.7 942 935 928 71.7
Last | 942 940 932 920 71.6
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Comparison against other coupled purifiers
with pre-training.

Table 6. Comparison with coupled meta label correction methods
MLC [+1] and MSLC [Y] on CIFAR-10. "*" denotes training with
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Effect of validation size

Table 7. Investigation of the validation set size 7 on Clothing1 M.

T | 10% 20% 30% 40% 50% 100%
Accuracy (%)|75.50 76.40 76.61 77.00 77.30 77.31

Performance under extremely noisy setting
Table 9. Comparison between recent semi-supervised methods and

Effect of different feature DMLP-DivideMix on CIFAR-10/100 with 100% noisy ratio.
representation for purification Method | CIFAR-10 CIFAR-100
Table 8. Ablation study for adopting different features in DMLP- M;?:Le:;l:; ggg g;g
Naive on CIFAR-10, where "R18/50" denote "ResNet-18/50" and FixMatch 88.1 56-3
M/S" represent "MoCo/SimCLR". UDA 88.2 56.1
Noi :
Feature Source 20% 50(%5)( r;élt;o 90% QOurs | 91.7 60.1
Best | 93.8 933 922 904
RIBM) pai|937 927 921 900
Best [ 940 937 931 923
RIBG) Lot [ 939 934 929 919
Best | 94.7 942 935 928
ROG) [ast | 942 940 932 920
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/

Symmetric 20% Symmetric 50% Symmetric 80% Symmetiici20% Symmptric Alfte o Symmetric %
maty " tads s g sRa e pE S Sadnt biigetd B S LT LI L LR Rt bt At e s Rty g ST ar gl be pea R RantY l'h"d' rone i PRy T e 50 s o, o 4TI M N v apamensy’ O
80 ':ww'.«-a.q\:!..ktn.-..-.-——-v— 80 wementt o a0 PR “ 50 ".;"':“ -.‘:’:;‘;L‘;;‘;,af:'ﬂﬂwﬂ'““" .ﬁ,u—'-.-‘"-"-‘"' B 7 }J__,,..-m,..-....'-f" s
[ Ed A AT A e a AL h } . "'-u a0 e
{ i : 40 £ A it gt sy e i ¥
g® g% g% | £ £ £y §
5 = = g Za0: 5 g0 ¢
& ] H B3 B i £ :
£ g £ | s 5 | o 5 |
geo guo gao | § g a0l i
: 1
il il i o 5 | ;
56 { % ‘l sald A P A A A v s ’I TN e a A st e
I 1 ;3' 10 i 10
I i i o I
I === DMLP-Co-teaching. 1 -++ DMLPECoteaching 1 e+ DMUA.Cotaaching =es DMLP-Co-teaching I +e+ DMIRCo-teaching +e+ DMURCo-taaching
of ! — = Cateaching of ! — = Co-tesching of ! — - Cotesching . — = Coteaching 0 ! — = Cotenching a — = Coteaching
o
0 23 50 75 100 125 150 175 z00 © 25 so 73 100 125 150 173 200 0 25 so 73 100 125 150 173 200 6 25 50 75 100 125 150 175 200 6 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
Epoch Epoch Epoch Epoch Epoch Epoch
Symmetric 90% Asymmetric 20% Asymmetric 40% Symmetric 90% Asymmetric 20% 40 Asymmetric 40%
SRR B ———— T —— e B iR F o]
80| 80 '{:'_!‘.y:-#:".'.::-':f‘.'-»-—l-:-\wn--*-' b 2 B rn e et so RSP ST Yo L e g gt T
: : sy 40 o T ey afiavan Ty e S At
70{ ! ! I3 - i £ Wiyt g 5 R A e
=S = 60y f é i
Zo0 ge) | g || Tl g | f o5
[ T |1 T 5 : s £ S5
50 <o~ OO Catmacing g £ g <es DMLRCOtICHNg g3 800 0}
§ 3 ot § 40 § 40 2 : == Coteaching 3 £ ] ;
40 I 220 H 2 £ 2 ¢
i i1 i g | 2 | g 1
S0 | B 1 S : & ! & ¥
20 } 20 | : l' 10 :
20 i I 10 £ 10 I 5 :
FUTSPRUEY. RN SN PSS : LS PR ER g : 1 DIRE 23 ching e A i - DHLP-Co-teaching ! --- pMIP-Coteaching
w{ o — - Coteaching o — - Coteaching i Frp=smes ol ! ~ = Coteaching oy " == Coteaching
¥ = 9.8 E;gg,, 338 30 A3 20 & 3 2 m E;ggh % Lo U o2 2 E;‘g& 2% g 63 20 0 25 S0 75 100 125 150 175 200 © 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200
Epach Epoch Epoch
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Figure 8. Accuracy curve of DMLP-Co-teaching and Co-teaching on CIFAR- 10 under different noise settings.
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Figure 1. Comparison with two state-of-the-an coupled optimization based meta label correction methods MLC [25] and MSLC [6] on
corrected label accuracy and linear evaluation accuracy.
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Table 2. Comparison with MLC and MSLC on CIFAR-10/100. "t" denotes training with fixed self-supervised pretrained ResMNet-18. "*"
denotes training with self-supervised pretrained ResNei- 18,

Drataset CIFAR-10 CIFAR-100
Method Noise ratio 20% | 50% | 80% | 90% 0% | 0% | 0% | %0%
MLC* [25] Best ol8 6.2 7746 7298 62.2 538 46.5 39.6
Last o1.6 5.9 775 726 6l.6 3.0 46.2 392
Best 920 877 T80 678 708 6.1 364 19.8
-
MSLC" [6] Last 920 7.5 179 673 70.2 638 343 187
Best 92.0 90.2 B0 B89 659 94 544 542
]
MLC' [25] Last o1.6 294 B85 881 652 592 541 540
Best 21 4 873 7 717 647 533 458
MSLC' [6] g i i
Last 920 90.0 872 842 716 6.4 53.0 46.4
DML P-Nai Best 94.7 94.2 935 928 .7 68.0 63.5 61.3
o Last 942 | 940 | 932 | 920 723 | 674 | 632 | 609
Corected Labsl Accuracy [Sym-50%k Corfected Ll ArCunady {Syrn-905%| Corractnd Label ALcuracy Cormpctod Label Accuracy
wl © - T e Table 4. Comparisen on CIFAR-1VT00 with symmetnic noise.
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5 ic-S0% (left), sy So-50% (middle) noise scitings o Figure 3. Corrected label accuracy curve of DMLP under symmef-  DMLP-DivideMis | 79314021 | 76114010 | 68424012 | 655540.23
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ric (left), asvmmetnc (middle) noise settings on CIFAR-10.
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Learning from Noisy Labels with Decoupled Meta Label Purifier

Thanks for Watching!

https://github.com/yuanpengtu/DMLP
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