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A. Core part of the code for CDMAD

Figure 1. Code for refining pseudo-labels using CDMAD

Fig. 1 presents a core part of the code for CDMAD to
refine the biased pseudo-labels of the base SSL algorithm.
As we can see in Fig. 1, CDMAD is very easy to implement.
We simply need to calculate the logits for an image without
any patterns (solid color image) and then subtract them from
the logits for unlabeled samples. Biased class predictions on
test samples are refined in a similar way.

B. Further related works
Semi-supervised learning (SSL) algorithms use unlabeled
data for training when labeled samples are insufficient. En-
tropy minimization [15] encourages the class predictions on
unlabeled samples to be confident by directly minimizing
entropy or using pseudo-labels [33]. Consistency regular-
ization [40, 42, 46] encourages the class predictions on two
augmented versions of an unlabeled sample to be consis-
tent. FixMatch [45] and ReMixMatch [3] conduct entropy
minimization and consistency regularization using strong
data augmentation techniques [9, 12]. ReMixMatch also
conducts Mixup regularization [2, 48] and self-supervised
learning with rotation [14]. CoMatch [36] proposed graph-
based contrastive learning using embedding and pseudo-
label graphs. Recently, curriculum pseudo-labeling that
considers the learning status for each class was proposed
by FlexMatch [59] and extended in Adsh [16], SoftMatch

[7] and FreeMatch [53].
Class-imbalanced learning (CIL) algorithms mitigate

class imbalance to improve classification performance for
minority classes. Resampling techniques [1, 6, 17, 22] bal-
ance the number of each class samples, and reweighting
techniques [11, 19, 21, 39, 54] balance the loss for each
class. Cao et al. [5] and Ren et al. [43] proposed losses
that minimize a generalization error bound, and Kim et al.
[27], Yin et al. [57] transferred knowledge from the data of
the majority classes to the data of minority classes. Kang
et al. [25] decoupled representation and classifier learning.
Menon et al. [38] proposed post-hoc logit-adjustment and
loss, which is Fisher consistent for minimizing the bal-
anced error. Recently, CIL algorithms based on contrastive
learning [10, 23, 24, 24, 37, 49] and multi-expert learning
[4, 35, 51, 56, 60, 61] received considerable attention.

C. Data augmentation techniques
CDMAD uses data augmentation techniques utilized in
FixMatch, ReMixMatch, and previous CISSL algorithms.
Specifically, CDMAD uses random horizontal flipping and
random cropping as weak data augmentation techniques
and uses Cutout [12] and RandomAugment [9] as strong
data augmantation techniques. Random horizontal flipping
and cropping flips and crops images, respectively. We im-
plemented these weak data augmentation techniques us-
ing torchvision.transforms library. Cutout randomly masks
out the square region of the image during training, which
prevents the network from focusing on non-general fea-
tures. The purpose of RandomAugment is to teach the
network invariances. RandomAugment is a data augmen-
tation technique that automatically searches for improved
augmentation policies, where the search space of the pol-
icy consists of many sub-policies, one of which is ran-
domly chosen for each data point at each iteration. A sub-
policy is composed of basic data-augmentation techniques,
such as shearing, rotation, and translation. We imple-
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