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Co-teaching

* [n each mini-batch of data, each network views its small-loss
Instances as the useful knowledge, and teaches such useful
INstances to Its peer network for updating the parameters.

Co-teaching
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MixMatch

m Data Augmentation
T, = Augment(zy)

iy, ), = Augment(up),k € (1,...,K) Kaugmentations

B Label Guessing
1 ) L
qp = I7e meodel(y | Upr;0)  Sharpen(p,T); := pZT/ p;
k=1 j=1
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MixMatch

m MixUp

Mix both labeled examples and unlabeled examples with label guesses
Corresponding labels probabilities (x1,p1), (x2,p2) we compute (x,p)

A ~ Beta(a, a)

N = max(\,1—\)
r=Nri+ (1 - X))z
p'=Np1+ (1= XN)p2

X = ((Zv,pv);b € (1,...,B)) /] Augmented labeled examples and their labels

U= ((ﬁ,b,k, geibEl, s B EE (L, .0 K)) /| Augmented unlabeled examples, guessed labels
W = Shuflle (Concat(zf',l:{)) // Combine and shuffle labeled and unlabeled data

A = (l\"’IiXUp(.XA',-, Wit € (1,.:-; |sz'|)) /| Apply MixUp to labeled data and entries from VW
U= (l\"’IixUp(Z/A(i, Wi+|/\a|);i =4 | - |L?|)) /| Apply MixUp to unlabeled data and the rest of VW



MixMatch

B Loss Function

X' U = MixMatch(X UT,K,«a)

EX ’X" Z H p, pmodel(y ‘ €L 9))
xz,peEX’
L:z,{ r Z ”q pmodel(y | u, 9)”2
LIU |
u,qeU’

L=Lx+ MLy
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Co-Divide

* “Warm up” the model for a few epochs by training on all data
using the standard cross-entropy loss

* For each network, fit a two-component GMM to ¢ using the EM
algorithm.

* For each sample, its clean probability w; is the posterior
orobability p(g| ¥4;)

* Divide the training data into a labeled set and an unlabeled set by
setting a threshold 7 on w;

* Feed the data to each other




Co-Divide

-Confidence Penalty for Asymmetric Noise

* The GMM cannot effectively distinguish clean and noisy samples based on
the loss distribution

To address this issue, we penalize confident predictions from the network by
adding a negative entropy term (Pereyra et al.,, 2017)

H — = Z prcnodel (.’L’, 0) log (pfnodel ('CU7 9)>
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MIXMATCH

* Train the two networks one at a time while keeping the other one
fixed.

* Perform label co-refinement for labeled samples
Yp = WpYp T (1—w) ps

* Sharpening function on the refined label

1 ‘1
yp = Sharpen(gp, T') = ggT/Zgng, forc=1,2,....C.

c=1

* Use the ensemble of predictions from both networks to “co-guess”
the labels for unlabeled samples



MIXMATCH

* | 0ss

Z Hp pmodel(w 9) ”2

z,peld’

Ly=- Z ZP log (Pnoder (2;6)) Ly = |

z,peX' ¢

* To prevent assigning all samples to a smgle class, we apply the
regularization term

reg Zﬂ-log( /|X|—|—|U| Z pmodel(x 9))

ze X'+ U’

IXI

* The total loss Is
L=Lr+MNLy+ N\ Loy
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Algorithm 1: DivideMix. Line 4-8: co-divide; Line 17-18: label co-refinement; Line 20: label co-guessing.

Input: 0 and 6@, training dataset (X', ))), clean probability threshold 7, number of augmentations M,
sharpening temperature 7", unsupervised loss weight \,,, Beta distribution parameter o for MixMatch.

6V, 6 = WarmUp(X, Y, 0V, 6)

// standard training (with confidence penalty)

while e < MaxEpoch do

end

w® = GMM(X, ), 9(1)) // model per-sample loss with 0V to obtain clean proabability for 6®
wl = GMM(X, ), 9(2)) // model per-sample loss with 0®) to obtain clean proabability for 6%
for k =1,2do // train the two networks one by one

[ o - {(zs, yi, wi) |wi > 7,¥(xi, yi, ws) € (X, Y, WE)H} // labeled training set for %)

end

k) = {zi|wi < 7,¥(zi,w:) € (X, WF)}

// unlabeled training set for o)

for iter = 1 to num_iters do

end

From Xe(k), draw a mini-batch {(xp, y», ws); b € (1, ..., B)}
From Uék), draw a mini-batch {up; b € (1, ..., B)}
forb =1to B do
form =1to M do

Zb,m = Augment(zy) / apply m*" round of augmentation to x,

Up,m = Augment(up) // apply m'" round of augmentation to uy

end
Db = 27 O Pmodel (Zb,m; 6F)) // average the predictions across augmentations of xp
Up = wpyp + (1 — wp)pe

// refine ground-truth label guided by the clean probability produced by the other network
U» = Sharpen(gp, T') // apply temperature sharpening to the refined label
@ = ﬁ Zm (medel(ﬁb,m; 0(1)) + Pmodel (b, m; 9(2)))

// co-guessing: average the predictions from both networks across augmentations of up

g» = Sharpen(gp, T") // apply temperature sharpening to the guessed label

end
X = {(&om,9); 0 € (1,:.., B)ym € (1,..., M)}
U = {(Gyam; gu)ib € (1;5.B); my €1, 2. M) }

// augmented labeled mini-batch
// augmented unlabeled mini-batch

Lx, Ly = MixMatch(X,U) // apply MixMatch
£ == EX + Auﬁu + )\'rﬁreg // total lOSS
0% = SGD(L, ") // update model parameters




CIFAR-10 & CIFAR-100

Dataset | CIFAR-10 I CIFAR-100 Method | Best | Last
Method/Noise ratio | 20% | 50% | 80% | 90% || 20% | 50% | 80% | 90% Cross-Entropy 85.0 | 72.3
F-correction (Patrini et al., 2017) | 87.2 | 83.1

Cross-Entropy E:::tt ggg ;23 gé? 11%; 2?3 gg;’; 189.89 130'51 M-correction (Arazo et al., 2019) | 87.4 | 86.3
i : : i i i : i Iterative-CV (Chen et al., 2019) 88.6 | 88.0

Bootstrap Best | 86.8 | 79.8 | 63.3 | 429 62.1 | 46.6 | 199 | 10.2 P-correction (Yi & Wu, 2019) 88.5 | 88.1

(Reed et al., 2015) Last | 829 | 584 | 26.8 | 17.0 || 62.0 | 379 | 8.9 3.8 Joint-Optim (Tanaka et al., 2018) | 88.9 | 88.4

F-correction Best | 86.8 | 79.8 | 63.3 | 429 || 61.5 | 46.6 | 19.9 | 10.2 Meta-Learning (Lietal., 2019) | 89.2 | 88.6

(Patrini et al., 2017) Last | 83.1 | 594 | 26.2 | 18.8 614 | 37.3 9.0 34 DivideMix | 93.4 | 92.1

Co-teaching+~ Best | 89.5 | 857 | 674 | 479 || 65.6 | 51.8 | 27.9 | 13.7 _ _

(Yu et al., 2019) Last | 88.2 | 84.1 | 455 | 30.1 || 64.1 | 453 | 155 | 8.8 Table 2: Comparison with state-of-the-art methods

Mixup Best | 956 | 87.1 | 716 | 522 || 67.8 | 573 | 30.8 | 146 In test accuracy (%) on CIFAR-10 with 40%

(Zhang et al., 2018) Last | 923 | 77.6 | 46.7 | 439 || 66.0 | 46.6 | 17.6 | 8.1 asymmetric noise.

P-correction™ Best | 924 | 89.1 | 77.5 | 58.9 694 | 57.5 | 31.1 | 153

(Yi & Wu, 2019) Last | 92.0 | 88.7 | 76.5 | 58.2 || 68.1 | 564 | 20.7 | 8.8

Meta-Learning™ Best | 929 | 89.3 | 77.4 | 58.7 68.5 | 59.2 | 424 | 19.5

(Lietal., 2019) Last | 92.0 | 88.8 | 76.1 | 58.3 || 67.7 | 58.0 | 40.1 | 143

M-correction Best | 940 | 92.0 | 86.8 | 69.1 739 | 66.1 | 48.2 | 243

(Arazoetal.,2019) Last | 93.8 | 91.9 | 86.6 | 68.7 734 | 654 | 47.6 | 20.5

Best | 96.1 | 946 | 93.2 | 76.0 || 77.3 | 74.6 | 60.2 | 31.5
Last | 95.7 | 944 | 929 | 754 || 769 | 74.2 | 59.6 | 31.0

DivideMix

Table 1: Comparison with state-of-the-art methods in test accuracy (%) on CIFAR-10 and CIFAR-100
with symmetric noise. Methods marked by * denote re-implementations based on public code.



ClothinglM & WebVision

Method | WebVision | ILSVRCI2 Method | Test Accuracy
| topl | top5 | topl | top5 Cross-Entropy 69.21
F-correction (Patrini et al., 2017) 61.12 | 82.68 | 57.36 | 82.36 I;/icorrectpn (szm e all., 22%1179) g?gg
Decoupling (Malach & Shalev-Shwartz, 2017) | 62.54 | 84.74 | 58.26 | 82.26 -correction (Arazo et al., ) .
D2L (Ma et al., 2018) 62.68 | 84.00 | 57.80 | 81.36 Joint-Optim (Tanaka et al., 2018) 72.16
MentorNet (Jiang et al., 2018) 63.00 | 81.40 | 57.80 | 79.92 Meta-Cleaner (Zhang et al., 2019) 72.50
Co-teaching (Han et al., 2018) 63.58 | 85.20 | 61.48 | 84.70 Meta-Learning (Li et al., 2019) 73.47
Iterative-CV (Chen et al., 2019) 65.24 | 8534 | 61.60 | 84.98 P-correction (Yi & Wu, 2019) 73.49
DivideMix | 77.32 | 91.64 | 75.20 | 90.84 DivideMix ‘ 74.76
Table 3:Comparison with state-of-the-art methods in test accuracy (%) on Table 4: Comparison with state-of-the-art methods
Clothing1M. Results for baselines are copied from original papers. trained on (mini) WebVision dataset. Numbers

denote top-1 (top-5) accuracy (%) on the
WebVision validation set and the ImageNet
ILSVRC12 validation set. Results for baseline
methods are copied from Chen et al. (2019).



ABLATION STUDY

Dataset | CIFAR-10 | CIFAR-100
Noise type | Sym. | Asym. || Sym.
Methods/Noise ratio | 20% | 50% | 80% | 90% | 40% || 20% | 50% | 80% | 90%
DivideM: Best | 96.1 | 94.6 | 93.2 | 76.0 | 93.4 || 77.3 | 74.6 | 60.2 | 31.5
videvlix Last | 95.7 | 944 | 929 | 754 | 92.1 769 | 74.2 | 59.6 | 31.0
o Best | 952 | 942 | 93.0 | 75.5 | 927 || 752 | 72.8 | 583 | 29.9
1
DivideMix with 6'") test Last | 95.0 | 937 | 924 | 742 | 914 || 748 | 72.1 | 57.6 | 29.2
DivideMix w/o co-traint Best | 95.0 | 940 | 92.6 | 743 | 919 || 748 | 723 | 56.7 | 27.7
1IVideViIX W/0 co-training Last | 948 | 933 | 922 | 732 | 90.6 | 74.1 | 71.7 | 563 | 27.2
DivideMix w/o label refinement  BESt | 96:0 | 94.6 | 93.0 | 73.7 | 87.7 || 769 | 74.2 | 587 | 26.9
Last | 955 | 942 | 927 | 73.0 | 86.3 || 76.4 | 73.9 | 582 | 26.3
DivideMix w/ - Best | 953 | 94.1 | 922 | 739 | 89.5 || 76.5 | 73.1 | 582 | 26.9
videMix w/o augmentation Last | 949 | 935 | 91.8 | 73.0 | 884 || 76.2 | 72.6 | 58.0 | 26.4
. N Best | 94.1 | 92.8 | 89.7 | 70.1 | 86.5 || 73.7 | 70.5 | 55.3 | 25.0
Divide and MixMatch Last | 935 | 923 | 89.1 | 68.6 | 852 |l 72.4 | 697 | 539 | 23.7

Table 5: Ablation study results in terms of test accuracy (%) on CIFAR-10 and CIFAR-100.



