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Appendix

Appendix A: Derivation Details of evidence lower-bound (ELBO)

In this section, we show the derivation details of ELBO(z, 3).
Recall that the causal decomposition of the instance-dependent label noise is

P(X,Y,Y,Z)=P(Y)P(Z)P(X|Y,Z)P(Y|Y, X).
Our encoders model following distributions
96(Z, Y |X) = 49, (Z]Y, X)gs, (Y |X),
and decoders model the following distributions
po(X, Y'Y, Z) = po, (X]Y, Z)ps, (VY. X).

Now, we start with maximizing the log-likelihood py(x, §) of each datapoint (z, 7).
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The ELBO(x, i) above can be further simplified. Specifically,
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and similarly,
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By combing Eq. 1, Eq. 2 and Eq. 3, we get
ELBO(z,9) = E(z y)~gy(2,|2) 108 Do, (2|y, 2)] + Eygy, (v12) [l0g Do, (Jly, 7)]
= kl(g5, (Y|2)[P(Y)) = Eynagy, (vio) [KU(a6(Z]y, 2)lIp(Z))],
which is the ELBO in our main paper.

Appendix B: Loss Functions

In this section, we provide the empirical solution of the ELBO and co-teaching loss. Remind that our
encoder networks and decoder networks in the the first branch are defined as follows

Y1 =4y (X), Z1~qg (X, V1), X1 = o1 (V1,Z1), Y1 = Py (X1, V1),

Let S be the noisy training set, and d? be the dimension of an instance . Let y; and z; be the
estimated clean label and latent representation for the instance z, respectively, by the first branch.
As mentioned in our main paper (see Section 3.2), the negative ELBO loss is to minimize 1). a
reconstruction loss between each instance x and py: (z,91); 2). a cross-entropy loss between noisy
labels py; (z1,21) and §; 3). a cross-entropy loss between o} (z,y1) and uniform distribution
P(Y'); 4). a cross-entropy loss between 41 (%, y1) and Gaussian distribution P(Z). Specifically, the
empirical version of the ELBO for the first branch is as follows.

R 1
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The hyper-parameter 3y and (3 are set to 0.1, and [, are set to le — 5 because encouraging the
distribution to be uniform on a small min-batch (i.e., 128) could have a large estimation error. The
hyper-parameter (3 are set to 0.01. The empirical version of the ELBO for the second branch shares
the same settings as the first branch.

For co-teaching loss, we directly follow Han et al. [1]. Intuitively, in each mini-batch data, both
encoders g41 (X) and g2 (X) select their small-loss instances as the useful knowledge and exchange
the knowledge to each other by a cross-entropy loss. The number of the small-loss instances used for
training decays with respect to the training epoch. The experimental settings for co-teaching loss are
the same as the settings in the original paper [1].

Appendix C: More Experimental Settings

In this section, we summarize the network structures for different datasets. The network structure for
modeling ¢4, (Y| X) and the dimension of the latent representation Z has been discussed in our main
paper. For the optimization method, we use Adam with the default learning rate le — 3 in Pytorch.
The source code has been included in our supplementary material.



For FashionMNIST [3], SVHN [2], CIFARIO0 and CIFAR100, we use the same number of hidden layers
and feature maps. Specifically, 1). we model gy, (Z]Y, X) and py, (Y'Y, X) by two 4-hidden-layer
convolutional networks, and the corresponding feature maps are 32, 64, 128 and 256; 2). we model
pe, (XY, Z) by a 4-hidden-layer transposed-convolutional network, and the corresponding feature
maps are 256, 128, 64 and 32. We ran 150 epochs for each experiment on these datasets.

For ClothingIM [4], 1). we model g4,(Z]Y, X) and pg,(Y|Y, X) by two 5-hidden-layer convo-
Iutional networks, and the corresponding feature maps are 32, 64, 128, 256, 512; 2). we model
po, (XY, Z) by a 5-hidden-layer transposed-convolutional network, and the corresponding feature
maps are 512, 256, 128, 64 and 32. We ran 40 epochs on ClothingIM.

References

[1] Bo Han, Quanming Yao, Xingrui Yu, Gang Niu, Miao Xu, Weihua Hu, Ivor Tsang, and Masashi
Sugiyama. Co-teaching: Robust training of deep neural networks with extremely noisy labels. In
NeurlPS, pages 8527-8537, 2018.

[2] Yuval Netzer, Tao Wang, Adam Coates, Alessandro Bissacco, Bo Wu, and Andrew Y.Ng. Reading
digits in natural images with unsupervised feature learning. In NIPS Workshop on Deep Learning
and Unsupervised Feature Learning, 2011.

[3] Han Xiao, Kashif Rasul, and Roland Vollgraf. Fashion-mnist: a novel image dataset for bench-
marking machine learning algorithms. arXiv preprint arXiv:1708.07747, 2017.

[4] Tong Xiao, Tian Xia, Yi Yang, Chang Huang, and Xiaogang Wang. Learning from massive noisy
labeled data for image classification. In CVPR, pages 2691-2699, 2015.



