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[0 Phenomena

* Real-world datasets contain erroneously labeled data samples.
 Well-labeled data is usually expensive.
* Learning from noisy labels significantly degrades DNNs’ performances.

] Problem

* How to train a robust model by using large-scale noisy data?
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] Loss correction

* Estimate noise transition matrix.
e Self-training with pseudo-labels.
* Design noisy-tolerant loss functions.

[0 Example selection

v Small loss criterion: memorization effect illuminates that DNNs learn clean and
simple patterns faster than noisy labels.

v’ Dual-network strategy: ease confirmation bias by trains two networks simultaneously
and let them select examples for each other.
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» The one-dimensional loss is an over-simplified metric that fails to accommodate the
complex feature landscape of various samples.
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» Obtaining robust and consistent representation for samples across categories and
subjects is difficulty in noisy label learning.
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0 Sample-selection via Confidence Voting (SCV)

p[c| is the c-th element of p (= P(F(x,6))) Basic confident

Basic confident samples:

I, = argmax E plcl,
®|=B,RCx &

Reliable confident samples:

I, = xilp;ld] > 7% € X,

Confident samples:

I = I UTE.
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Confident Samples

Confident Prototypes as Voting Candidates
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0 Sample-selection via Confidence Voting (SCV)

Confident Prototype Generation:

o
¢° = 7] > F(x,0).

xelc

e Split the confident samples into
K clusters:

<I)C —_ {gb;j ;:{:1.

* Confidence Voting:
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Confident Prototypes as Voting Candidate
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* For noisy samples with high prediction confidence:
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* For hard-to-learn noisy samples: (Rank Contrastive Loss)

v’ Every convolution kernel filters out certain kinds of attributes in the input image.
v" Similar visual patterns are prone to activate the same representation channel of

response maps produced by convolution layers.
v The indices of feature elements rank ordered in accordance with their magnitudes,

can serve as a metric for assessing the pairwise representations similarity.
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* For hard-to-learn noisy samples: (Rank Contrastive Loss)

f;[n] denote the n-th channel of feature f;.

» Principal feature dimensions: » Similarity:

R, = arg max Z f;[n], Sij = {
[R|=r, Rc{1,2,....L}

1 if Ry = Ry;

J 0 otherwise.
neRrR

» Rank Contrastive Loss (binary cross-entropy loss):

N N
1
LreL = —773 > Isilog(pioq;)+(1—si5)log(1—-p;oq;)];

i=1 j=1

where p, = P(F(v¥,60)) and q, = P(F(v:,0)).
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* For hard-to-learn noisy samples: (Rank Contrastive Loss) ;
Consistency regularization .

A I

= N

N .
1 . .
LreL = —N— Z Sii log - q?,) 4 (1 _ Sﬂ') lOg(l —p, o qz)] | Overall loss function:

i L=l F Mgy Lpiei + Lo

N
I
——QZZ sijlog(p; 0 q;) + (1 — s45) log(1 — p; 0 q;)]. :
=1 j=£3 . - 1 1 Zi\; P?"[C}
(12) 1 Ldiv = Z C 10!%'(5/ }\f )-

Since s;; = 1 always holds, organize the first term as: e=1

Zlog pioq,) = Zlog p’ op;). (13) ;

Minimizing this term is equal to max{py’ o p;}. I
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Dataset | CIFAR-10 | CIFAR-100
Method/Noise ratio | 20% | 50% | 80% | 90% | Asym. 40% || 20% | 50% | 80% | 90%
S Best | 86.8 | 79.4 | 62.9 | 42.7 85.0 62.0 | 46.7 | 19.9 | 10.1
: e Last | 82.7 | 579 | 26.1 | 168 | 723 61.8 | 373 | 88 | 35
PENCIL Best | 924 | 89.1 | 77.5 | 58.9 88.5 69.4 | 57.5 | 31.1 | 153
[56] Last | 92.0 | 88.7 | 76.5 | 58.2 88.1 68.1 | 56.4 | 20.7 | 8.8
Meta-Learning Best | 929 | 89.3 | 77.4 | 58.7 89.2 68.5 | 59.2 | 424 | 195
[25] Last | 92.0 | 88.8 | 76.1 | 58.3 88.4 67.7 | 58.0 | 40.1 | 143
DivideMix Best | 96.1 | 94.6 | 93.2 | 76.0 93.4 77.3 | 746 | 60.2 | 31.5
[24] Last | 95.7 | 944 | 929 | 754 92.1 76.9 | 742 | 59.6 | 31.0
ELR [30] Best | 958 | 948 | 933 | 787 | 93.0 | 776 | 73.6 | 60.8 | 33.4
MOIT [38] Best | 94.1 | 91.1 | 758 | 70.1 | 932 || 759 | 70.1 | 51.4 | 245
RRL [26] Last | 964 | 953 | 933 | 774 | 933 | 80.3 | 76.0 | 61.1 | 33.1
CTRR [28] Best | 933 | - | 867|843 | 8.0 |[701] - |437]| -
Best | 96.5 | 95.6 | 94.5 | 92.6 94.7 79.5 | 77.9 | 67.6 | 50.6
P Last ‘ 96.4 ‘ 95.4 ‘ 94.2 ‘ 92.1 ‘ 94.4 H 79.3 ‘ 77.6 ‘ 67.2 ‘ 49.9
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Table 1: Comparison between RankMatch and state-of-the-art methods on CIFAR-10 and CIFAR-100 under symmetric and
asymmetric noise. "Best" refers to the best test accuracy across all epochs and "Last" is the averaged test accuracy over the

last 10 epochs.
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Table 2: Comparison with state-of-the-art methods on
Clothing1M. Baseline results are copied from original pa-

pers.

Method Test Accuracy
Cross-Entropy 69.21
PENCIL [56] 73.49
DivideMix [24] 74.76
RRL [26] 74.97
DSOS [1] 73.63
UNICON [19] 74.98
SOP [31] 73.50
SFT [50] 75.08
RankMatch 7522
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o WebVision |

topl topS | topl top5

MentorNet [18] 63.00 | 81.40 | 57.80 | 79.92
Co-teaching [14] | 63.58 | 85.20 | 61.48 | 84.70
Iterative-CV [7] 65.24 | 85.34 | 61.60 | 84.98
DivideMix [24] 77.32 | 91.64 | 75.20 | 90.84

ILSVRCI12

RRL [26] 778 | 91.3 | 744 | 909
DSOS [1] 77.76 | 92.04 | 7436 | 90.80
SOP [31] 76.6 s 69.1 2

UNICON [19] 77.60 | 93.44 | 7529 | 93.72
RankMatch 79.91 | 93.61 | 77.39 | 94.26

. Table 3: Comparison with state-of-the-art methods on

(mini) WebVision dataset. Numbers denote top-1 (top-3)

- accuracy (%) on the WebVision and ImageNet ILSVRCI12
. validation set. Results for baselines are copied from the cor-

responding papers.
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Figure 5: Accuracy (%) of the selected clean samples under different symmetric noise rates on CIFAR-100 datasets. Our
full method RankMatch is compared with two baselines. One is DivideMix, denoted as GMM and MixMatch. The other
is replacing GMM with our proposed Sample-selection via Confident Voting (SCV) method. Compared with GMM, SCV
is more efficient to identify the clean samples. And our full model RankMatch has significant improvement in the sample
selection stage under high noise rate.
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Dataset | CIFAR-10 || CIFAR-100 v _ | " s & N
I 8o 95
Noise ratio | 50% | 90% || 50% | 90% | “5‘1
94
Best | 95.6 | 92.6 || 77.9 | 506 . £ —~— Sym 0% 94 —— Sym. 50%
RS Last | 954 | 921 || 776 | 499 1 B —— Sym. 0% s
Best | 95.1 | 89.6 || 753 | 45.1 | = 93
Il =
L Last | 94.9 | 89.1 | 749 | 449 . 8% /_/\
Best | 954 | 91.8 || 76.5 | 479 | 91 92

SCV w/o K-means | 952 | 914 || 75.2 | 47.5 - 0.900 0.925 0.950 0.975 10 20 30

Best | 952 | 90.8 || 76.1 | 45.6 Threshold 7 Prototypes K

Last | 949 | 88.7 || 75.2 | 44.5 L L ,
- Figure 6: Sensitivity to the variance of hyperparameters.

I H
Table 4: Ablation study results in terms of test accuracy (%) - Experiments are conducted on CIFAR-10 under 50% and

on CIFAR-10 and CIFAR-100 with symmetric label noise. 1 20% Symmetric noises.

w/o RCL
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Table 1: List of RankMatch hyperparameters for CIFAR

Hyperparameter

CIFAR-10

CIFAR-100

20% | 50% | 80% | 90%

20% | 50% | 80% | 90%

An

0.2 |

1 | 10 | 10

0.5 |

2 | 5 | 8
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