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Contrastive Learning Model Structure

 Momentum encoder or sharing parameters £ ey gt B similarity
v |
Oy < mby + (1 — m)Qq predictor
* Use negative samples or not e o ooty | . momentum
« Additional predictor/projector
« Stop gradient or not
image image
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contrastive loss
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™,

Class 1 |

N 010 poinsrong abes |

Class 1

Classifier 7

Classifier //
« CE - Not robust to label noise D -
« Noise robust loss = suffer from the underfitting problem
Class 2

« Atrade-off > Explicitly or implicitly jointly used with Class 2
the CE loss

| @/4 Points (clean labels)

Loss design

Figure 1. [Illustration of the proposed method with noisy la-
bels. Black curves are the best classifiers that are learned dur-
ing training. Left: Deep networks without contrastive regulariza-
tion. Right: Deep networks with contrastive regularization. Two
classes are better separated by deep networks that points with the
same class are pulled into a tight cluster and clusters are pushed
away from each other.
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Representations Induced by Contrastive Regularization il

» Key component
positive contrastive pair (xq,x5)

Noisy P
Labels
» Unsupervised CL
Correct positive contrastive pairs are formed from two i
different augmentations from the same image. Labels
. Dog 1 Dog 2
« Supervised CL %9 °9
Correct positive contrastive pairs are formed by examples Figure 2. An example of Grad-CAM [35] results of Resnet34
from the same class trained on noisy dataset with 40% symmetric label noise and clean

dataset, separately. When there is label noise, information related
to corrupted labels captured by the model varies from image to im-

« When encountering with noisy labels ? age (g.g. window b.al‘S .in Cat 1 v.S. floor and wall in Cat 2). .Wf'len
there is no label noise, information related to true labels are similar
for images from the same class (e.g. cat face in Cat 1 v.s. cat face
in Cat 2).
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Backbone
Network > P > f'ce
Linear Classifier
- > §— £ = Lee + Mo,
Projection| Prediction > Ectr
MLP MLP

St opgra& Z

Figure 5. Tllustration of our framework.

Simsiam
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Design 1
Initial contrastive regularization function

Eclr(miamj) — _(<§i: gj}) + ({ijﬁéi»]l{y’i — yj}
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Design 2
Deep networks first fit examples with clean labels and the
probabilistic outputs of these examples are higher than

examples with corrupted labels. In early stage, p{pj ~ 1 for clean pair

and 0 for noise pair

ﬁin(ﬁ?i,ﬂfj) — ((QBazj + (QJ321>) '{Pg Pj :_> T

————————

Consider two clean examples x;, x; with clean label y; = y;
One wrongly labeled example x,, with 3, = y; = y; v
After this period?

H 8‘{-":;11"(:5117 irm)

AL (i, 25) ||
dq;

2
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Design 3

Lo (4, 5) =

(log — (G, 23)) + log (1 —(qj, 53))) Il{Peij > T}

—~ 2
aﬁctr(mij Tj)
Jq;

- (’3(1 + q'.-: qJ)

2

1+ @;(}j > 1+ (}.;rcj'm ~ 1) > Does it overfit on clean data?



Experiment

CIFAR-10

Method Sym. Asym.

0% 20% 40% 60% 80% 90% 40%
CE 93.97:};0.22 88.51:}:0_17 82.73:}:0‘16 76.2610_29 59.2511_01 39.43:|:]_]7 83.23;&0_59
Forward 93.47:}:0_19 88.87:};0_2] 83.28:}:0_37 75.1510_73 58.5811_05 38.49:|:]_02 82.93;&0_74
GCE 92.38410.32  91.224¢.05 89.26 10.34 85.7610.58 70.5710.83 31.2511.04 82.23 10.61
Co-teaching 93.3710_12 92.0510_15 87.7310‘17 85.10:|:0_4g 44-16:|:0.71 30-39:I:1.08 77.78;&0_59
LIMIT 93-4710.56 89.63:&0_42 85.3910_63 78.05:|:g_85 58.71:|:0_33 40.46:|:0_97 83.56;&0_70
SLN 93.2140021 88.774p23 87.031070 80.5710s50 63.991079  36.641177 | 81.0219025
SL 94.214013 92451008 89224008 84.631021  72.594023 91.131027 | 83.5810.60
APL 93.97i{)_25 92.511()_39 89.34i{)_33 85.01:|:{]_17 70-52;|:2_36 49.38:&2_86 84.06:|:(]_2(]
CTRR | 94.29.021 93.054032 92161031 87.341084 83.661052 81.65:246 | 89.0040 56

Table 1. Test accuracy on CIFAR-10 with different noise types and noise levels. All method use the same model PreAct ResNet18 and

their best results are reported over three runs.

CIFAR-100
Method Sym. Asym.
0% 20% 40% 60% 80% 40%
CE 73.2140.14 60.57+0.53 52484031  43.2040.21 22.9640.84 44.4540.37
Forward 73-01i0‘33 58.72i0.54 50.10i0_g4 39-35i0.82 17-]—5i1.81 -
GCE 7227:&0.27 68.31:|:0.34 62.25ig_48 53.86:|:0_95 19.31:|:]_14 46.50:&0_71
Co-teaching 73.39410.27 65.7140.20 57.6440.71 31.5940 .85 15.2841.94 -
LIMIT 65.531001  58.024103 49711181 37054130  20.014011 -
SLN 63.1340.21  99.354+1.26  91.394048  39.531058  11.9642.03 -
SL 72.4440.44 66.464026  61.4440.23 541741 32 34.2241 .06 46.1240.47
APL 73.8810.99 68.09.10.15 63.46.10.17 93.6340.45 20.00 4202 52.8040.52
CTRR | 74361041 70.09:045 65.321020 54.201034 43.69102s | 54.47 1037

Table 2. Test accuracy on CIFAR-100 with different noise levels. All method use the same model PreAct ResNet18 and their best results
are reported over three runs.
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Method ANIMAL-10N | ClothinglM
CE 83.18 .10 15 70.88 1045
Forward 83.67i()_31 71.23:&0,39
GCE 84.42i0_39 71.34:|:0_12
Co-teaching 85.7340.27 71.68410.21
SLN 83.17+0.08 T1.1740.12

SL 83.92, ¢.08 72.0310.13
APL 84.2510.11 72. 18:|:0_21
CTRR | 86.7li01s | 72.71i0.19

Table 3. Test accuracy on the real-world datasets ANIMAL-10N
and Clothing1 M. The results are obtained based on three different

runs.
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Forward correction corrects loss values by a estimated noise transition matrix.
GCE takes advantages of both MAE loss and CE and designs a robust loss function.
Co-teaching maintains two networks and uses small-loss examples to update.
LIMIT introduces noise to gradients to avoid memorization.

SLN adds Gaussian noise to noisy labels to combat label noise.

SL uses CE loss and a reverse cross entropy loss (RCE) as a robust loss function.
APL (NCE+RCE) combines two mutually boosted robust loss functions for training.
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Regularization Function CIFAR-10
cetiiarization runctions 0% 20% 40% 60% 80% 90%
L (6) 93.5840.11  86.0540.33 82344025 743540514 54831100  40.9610.99
L (8) 9429021 93.051032 92161031 87.3410814 83.661052 81.651246
Table 4. The performance of the model with respect to different regularization functions.
Loo(@iszg) = —((Gir Z) + (G5, ) Upi pj > 7}, (6)
Ectr(mi:a:j) =
(log (L= (i z)) +1log (1 - (g, 2@))) L{p{ p; > 7}
(8)
. CIFAR-10
Contrastive Frameworks 0% 40% 60% 0% 90%
CTRR (SimSiam) 93.05:&0‘32 92.16:|:0_31 87.34:&{]‘84 83.66:“].52 81.65:&2‘46
CTRR (SimCLR) 92.5040.35 90.124043 87.414083 84.964044 79.5741.32
CTRR (BYOL) 93.3140.16 92.1240.16 88.714052 86.9941059 84.3110566

Table 5. Extending our method to other contrasitve learning frameworks.
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Test Accuracy
EL3a33808
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Figure 4. Analysis of A and 7 on CIFAR-10 with 60% symmetric

label noise.
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Label Correction CIFAR-10
Technique 20% 40% 60% 80%
X 93.0540.32 92.1640.31 87.34 0.5 83.66-10.52
v 93.324011 92.764067 89.2331018 854040093
Table 6. /X indicates the label correction technique is en-
abled/disabled.
CIFAR-10
Method 20% 40% 60% 80%
GCE 91.22:095 89261032 85761058 70571083
CTRR 93.054+0.32 92164031  87.3440814  83.6640.52
CTRR+GCE | 93.94,g09 93.0640920 92.79:006 90.25:0.40

Table 7. The performance of the model with respect to GCE,
CTRR and CTRR+GCE.
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