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Abstract

The recently proposed FixMatch achieved state-of-the-art results on most semi-
supervised learning (SSL) benchmarks. However, like other modern SSL algo-
rithms, FixMatch uses a pre-defined constant threshold for all classes to select
unlabeled data that contribute to the training, thus failing to consider different
learning status and learning difficulties of different classes. To address this issue,
we propose Curriculum Pseudo Labeling (CPL), a curriculum learning approach
to leverage unlabeled data according to the model’s learning status. The core of
CPL is to flexibly adjust thresholds for different classes at each time step to let
pass informative unlabeled data and their pseudo labels. CPL does not introduce
additional parameters or computations (forward or backward propagation). We
apply CPL to FixMatch and call our improved algorithm FlexMatch. FlexMatch
achieves state-of-the-art performance on a variety of SSL benchmarks, with espe-
cially strong performances when the labeled data are extremely limited or when the
task is challenging. For example, FlexMatch outperforms FixMatch by 14.32% and
24.55% on CIFAR-100 and STL-10 datasets respectively, when there are only 4 la-
bels per class. CPL also significantly boosts the convergence speed, e.g., FlexMatch
can use only 1/5 training time of FixMatch to achieve even better performance.
Furthermore, we show that CPL can be easily adapted to other SSL algorithms and
remarkably improve their performances. We also build a unified PyTorch-based
library, named TorchSSL for convenient and fair study of SSL algorithms.

1 Introduction

Semi-supervised learning (SSL) has attracted increasing attention in recent years due to its superiority
in leveraging a large amount of unlabeled data. This is particularly advantageous when the labeled
data are limited in quantity or laborious to obtain. Consistency regularization [1} 2| 3] and pseudo
labeling [4} 5} 6} [7, [8]] are two powerful techniques for utilizing unlabeled data and have been widely
used in modern SSL algorithms [9} [10L [11} 112, [13]]. The recently proposed FixMatch [[14] achieves
competitive results by combining these techniques with weak and strong data augmentations and
using cross-entropy loss as the consistency regularization criterion.

However, a drawback of FixMatch and other popular SSL algorithms such as Pseudo-Labeling [4]
and Unsupervised Data Augmentation (UDA) [[11] is that they rely on a fixed threshold to compute
the unsupervised loss, using only unlabeled data whose prediction confidence is above the threshold.
While this strategy can make sure that only high-quality unlabeled data contribute to the model
training, it ignores a considerable amount of other unlabeled data, especially at the early stage of
the training process, where only a few unlabeled data have their prediction confidence above the
threshold. Moreover, modern SSL algorithms handle all classes equally without considering their
different learning difficulties.
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To address these issues, we propose Curriculum Pseudo Labeling (CPL), a curriculum learning [[15]]
strategy to take into account the learning status of each class for semi-supervised learning. CPL
substitutes the pre-defined thresholds with flexible thresholds that are dynamically adjusted for
each class according to the current learning status. Notably, this process does not introduce any
additional parameter (hyperparameter or trainable parameter) or extra computation (forward or back
propagation). We apply this curriculum learning strategy directly to FixMatch and call the improved
algorithm FlexMatch.

While the training speed remains as efficient as that of FixMatch, FlexMatch converges significantly
faster and achieves state-of-the-art performances on most SSL image classification benchmarks. The
benefit of introducing CPL is particularly remarkable when the labels are scarce or when the task
is challenging. For instance, on the CIFAR-100 dataset, FlexMatch surpasses the performance of
FixMatch by 14.32%, 4.30%, and 2.55% when the label amount is 400, 2500, and 10000 respectively.
Moreover, CPL further shows its superiority by boosting the convergence speed — with CPL, Flex-
Match takes less than 1/5 training time of FixMatch to reach its final accuracy. Adapting CPL to
other modern SSL algorithms also leads to improvements in accuracy and convergence speed.

To sum up, this paper makes the following three contributions:

* We propose Curriculum Pseudo Labeling (CPL), a curriculum learning approach of dynami-
cally leveraging unlabeled data for SSL. It is almost cost-free and can be easily integrated to
other SSL methods.

» CPL significantly boosts the accuracy and convergence performance of several popular SSL
algorithms on common benchmarks. Specifically, FlexMatch, the integration of FixMatch
and CPL, achieves state-of-the-art results.

* We build TorchSSL, a unified PyTorch-based semi-supervised learning codebase for the fair
study of SSL algorithms. TorchSSL includes implementations of popular SSL algorithms
and their corresponding training strategies, and is easy to use and customize.

2 Background

Consistency regularization follows the continuity assumption of SSL [[1} [2]]. The most basic consis-
tency loss in SSL, such as in II Model [9], Mean Teacher [10]] and MixMatch [12]], is the ¢-2 loss:

nB

D P (ylw(ws)) = pm (ylo(us))|13, M

b=1
where B is the batch size of labeled data, y is the ratio of unlabeled data to labeled data, w is a
stochastic data augmentation function (thus the two terms in Eq.(T)) are different), u;, denotes a piece of
unlabeled data, and p,,, represents the output probability of the model. With the introduction of pseudo
labeling techniques [, [7], the consistency regularization is converted to an entropy minimization
process [[L6], which is more suitable for the classification task. The improved consistency loss with
pseudo labeling can be represented as:

uB

> Ymax(pa (ylw(w)) > 1) H (B (ylw(us)), pm (ylw(us))), @)
b=1

1
uB

where H is cross-entropy, 7 is the pre-defined threshold and p,, (y|w(us)) is the pseudo label that
can either be a ‘hard’ one-hot label [4] [14] or a sharpened ‘soft’ one [[11]. The intention of using a
threshold is to mask out noisy unlabeled data that have low prediction confidence.

FixMatch utilizes such consistency regularization with strong augmentation to achieve competitive
performance. For unlabeled data, FixMatch first uses weak augmentation to generate artificial labels.
These labels are then used as the target of strongly-augmented data. The unsupervised loss term in
FixMatch thereby has the form:

nB

Z ]l(maX(Pm(yW(ub))) > T>H(ﬁm(y‘w(ub))7pm(y|Q(ub)))’ (3)
b=1

L
uB

where (2 is a strong augmentation function instead of weak augmentation w.
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Figure 1: Illustration of Curriculum Pseudo Label (CPL). The estimated learning effects of each
class are decided by the number of unlabeled data samples falling into this class and above the fixed
threshold. They are then used to adjust the flexible thresholds to let pass the optimal unlabeled data.
Note that the estimated learning effects do not always grow — they may also decrease if the predictions
of the unlabeled data fall into other classes in later iterations.

Of the aforementioned works, the pre-defined threshold (7) is constant. We believe this can be
improved because the data of some classes may be inherently more difficult to learn than others.
Curriculum learning [[15] is a learning strategy where learning samples are gradually introduced
according to the model’s learning process. In such a way, the model is always optimally challenged.
This technique is widely employed in deep learning research [[17, [18} 19,20} 21]].

3 FlexMatch

3.1 Curriculum Pseudo Labeling

While current SSL algorithms render pseudo labels of only high-confidence unlabeled data cut off by
a pre-defined threshold, CPL renders the pseudo labels fo different classes and at different time steps.
Such a process is realized by adjusting the thresholds according to the model’s learning status of each
class.

However, it is non-trivial to dynamically determine the thresholds according to the learning status.
The most ideal approach would be calculating evaluation accuracies for each class and use them to
scale the threshold, as:

Ti(c) = ar(c) - T, 4
where T (c) is the flexible threshold for class c at time step ¢ and a;(c) is the corresponding evaluation
accuracy. In this way, lower accuracy that indicates a less satisfactory learning status of the class will
lead to a lower threshold that encourages more samples of this class to be learned. Since we cannot
use the evaluation set in the model learning process, one may have to separate an extra validation set
from the training set for such accuracy evaluations. However, this practice show two fatal problems:
First, such a labeled validation set separated from the training set is expensive under SSL scenario
as the labeled data are already scarce. Second, to dynamically adjust the thresholds in the training
process, accuracy evaluations must be done continually at each time step ¢, which will considerably
slow down the training speed.

In this work, we propose Curriculum Pseudo Labeling (CPL) for semi-supervised learning. Our
CPL uses an alternative way to estimate the learning status, which does not introduce additional
inference processes, nor needs an extra validation set. As believed in [[14], a high threshold that filters
out noisy pseudo labels and leaves only high-quality ones can considerably reduce the confirmation
bias [22]. Therefore, our key assumption is that when the threshold is high, the learning effect of
a class can be reflected by the number of samples whose predictions fall into this class and above
the threshold. Namely, the class with fewer samples having their prediction confidence reach the
threshold is considered to have a greater learning difficulty or a worse learning status, formulated as:
N
Ut(c) = Z ]l(max(pm,t(y|un)) > T) ’ ]l<arg max(pm,t(y|un) = C)‘ (5)
n=1

where o, (c) reflects the learning effect of class c at time step ¢. P, ¢ (y|u,,) is the model’s prediction
for unlabeled data u,, at time step ¢, and NV is the total number of unlabeled data. When the unlabeled
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dataset is balanced (i.e., the number of unlabeled data belonging to different classes are equal or close),
larger o4 (c) indicates a better estimated learning effect. By applying the following normalization to
o¢(c) to make its range between 0 to 1, it can then be used to scale the fixed threshold 7:

Bi(c) = mao;zfrct)(c)’ (6)
Ti(c) = Be(c) - 7. (7)

One characteristic of such a normalization approach is that the best-learned class has its 3;(c) equal
to 1, causing its flexible threshold equal to 7. This is desirable. For classes that are hard to learn, the
thresholds are lowered down, encouraging more training samples in these classes to be learned. This
also improves the data utilization ratio. As learning proceeds, the threshold of a well-learned class is
raised higher to selectively pick up higher-quality samples. Eventually, when all classes have reached
reliable accuracies, the thresholds will all approach 7. Note that the thresholds do not always grow, it
may also decrease if the unlabeled data is classified into a different class in later iterations. This new
threshold is used for calculating the unsupervised loss in FlexMatch, which can be formulated as:

nB
Lot = o > Lmax(as) > Ti(arg maax(as))) H . o912, ®)
b=1

where g, = pm (y|w(up)). The flexible thresholds are updated at each iteration. Finally, we can
formulate the loss in FlexMatch as the weighted combination (by A) of supervised and unsupervised
loss:

Et = £s + A‘Cu,ta (9)

where L is the supervised loss on labeled data:
1B
L= E;Hwb,pm(y\w(xb))). (10)

Note that the cost of introducing CPL is almost free. Practically, every time the prediction confidence
of an unlabeled data u,, is above the fixed threshold 7, the data, and its predicted class are marked and
will be used for calculating 3;(c) at the next time step. Such marking actions are bonus actions each
time the consistency loss is computed. Therefore, FlexMatch does not introduce additional forward
propagation processes for evaluating the model’s learning status, nor new parameters.

3.2 Threshold warm-up

We noticed in our experiments that at the early stage of the training, the model may blindly predict
most unlabeled samples into a certain class depending on the parameter initialization(i.e., more likely
to have confirmation bias). Hence, the estimated learning status may not be reliable at this stage.
Therefore, we introduce a warm-up process by rewriting the denominator in Eq. (6) as:

¢) = oi(c) 7
T [t £t} "

where the term N — Zle o+(c) can be regarded as the number of unlabeled data that have not been
used. This ensures that at the beginning of the training, all estimated learning effects gradually rise
from 0 until the number of unused unlabeled data is no longer predominant. The duration of such a
period depends on the unlabeled data amount (ref. N in Eq. (1)) and the learning difficulty (ref. the
growing speed of o¢(c) in Eq. (TI)) of the dataset. In practice, such a warm-up process is very easy
to implement as we can add an extra class to denote the unused unlabeled data. Thus calculating the
denominator of Eq. is simply converted to finding the maximum among c + 1 classes.

3.3 Non-linear mapping function

The flexible threshold in Eq. (7)) is determined by the normalized estimated learning effects via a
linear mapping. However, it may not be the most suitable mapping in the real training process, where
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Algorithm 1 FlexMatch algorithm.

I: Input: X = {(zy,ym) :m e (1,..., M)}, U={u,:ne(l,...,N)} {M labeled data and
N unlabeled data. }

2: G, =—=1:n€ (1,...,N) {Initialize predictions of all unlabeled data as -1 indicating unused. }
3: while not reach the maximum iteration do

4. forc=1toC do

5: o(c) = 22;1 1(a, = ¢) {Compute estimated learning effect.}

6: if maxo(c) < anzl 1(d, = —1) then

7: Calculate 3(c) using Eq. (TT) {Threshold warms up when unused data dominate. }
8: else

9: Calculate 3(c) using Eq. (6) { Compute normalized estimated learning effect.}
10: end if
11: Calculate 7 (c) using Eq. (7) {Determine the flexible threshold for class c.}
12:  end for
13:  forb=1touB do
14: if P (y|w(up)) > 7 then
15: up = arg max qp {Update the prediction of unlabeled data wy.}
16: end if

17:  end for

18:  Compute the loss via Eq. (§), (I0) and (9).
19: end while
20: Return: Model parameters.

the increase or decrease of 3;(c) may make big jumps in the early phase where the predictions of
the model are still unstable; and only make small fluctuations after the class is well-learned in the
mid and late training stage. Therefore, it is preferable if the flexible thresholds can be more sensitive
when (;(c) is large and vice versa.

We propose a non-linear mapping function to enable the thresholds to have a non-linear increasing
curve when f;(c) ranges uniformly from O to 1, as formulated below:

Te(c) = M(Be(c)) - 7, 12)

where M (-) is a non-linear mapping function. It is clear that Eq. (7) can be seen as a special case by
setting M to the identity function. The mapping function M should be monotonically increasing
and have a maximum no larger than 1/7 (otherwise the flexible threshold can be larger than 1 and
filter out all samples). To avoid introducing additional hyperparameters (e.g. lower limits of the
flexible thresholds), we consider the mapping function to have a range from 0 to 1 so that the flexible
thresholds range from 0 to 7.

A monotone increasing convex function lets the thresholds grow slowly when (3;(c) is small, and
become more sensitive as 3;(c) gets larger. Hence, we intuitively choose a convex function with the
above-mentioned properties M (z) = 5% for our experiments. We also conduct an ablation study
to compare among mapping functions with different convexity and concavity in Sec.[d.4] The full
algorithm of FlexMatch is shown in Algorithm

4 Experiments

We evaluate FlexMatch and other CPL-enabled algorithms on common SSL datasets: CIFAR-
10/100 [23]], SVHN [24]], STL-10 [25] and ImageNet [26], and extensively investigate the performance
under various labeled data amounts. We mainly compare our method with Pseudo-Labeling [4],
UDA [L1] and FixMatch [[14]], since they all involve a pre-defined threshold. The results of other
popular SSL algorithms are in the appendix. We also add a fully-supervised result for each dataset to
better understand the results of SSL algorithms. Our fully-supervised experiments use only weak
data augmentations for labeled data according to Eq. (I0). Following SSL evaluation standards [27]],
we re-implement all baselines using our PyTorch [28] codebase: TorchSSL, which will be introduced
in the next section and made publicly available.

For a fair comparison, we use the same hyperparameters following FixMatch [[14]. Concretely, the
optimizer for all experiments is standard stochastic gradient descent (SGD) with a momentum of 0.9
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Table 1: Error rates on CIFAR-10/100, SVHN, and STL-10 datasets. The ‘Flex’ prefix denotes
applying CPL to the algorithm, and ‘PL’ is an abbreviation of Pseudo-Labeling. STL-10 dataset does
not have label information for unlabeled data, thus its fully-supervised result is unavailable.

Dataset | CIFAR-10 | CIFAR-100 | STL-10 | SVHN

Label Amount | 40 250 4000 | 400 2500 10000 | 40 250 1000 | 40 1000
PL 69.51+455 41.02+356 13.15+1.84 | 86.10+150 58.00+038 36.48+0.13 | 74.48+148 55.63+538  31.80+029 | 60.32+246 9.56+0.25
Flex-PL 65.41+135  36.37+157 10.82+004 | 74.85+153 44.15+019  29.13+026 | 69.26+060 41.28+046 24.63+0.14 | 36.90=+1.19  8.64+0.08
UDA 7.33+2.03 5.11+007 4204012 | 44.994228 27.59+024  22.09+0.9 | 37.31+3.03 12.07+150  6.65+025 4.40+231  1.93+0.01
Flex-UDA 5.33+013  5.05+002  4.07x006 | 33.64+092 24.34+020 20.07+0.13 | 12.84+260  8.05+021 5.77+008 | 3.78+167 1.97+006
FixMatch 6.78+050  4.95+007  4.09x002 | 46.76+079 28.15+081 22.47+066 | 35.42+643 1049103  6.20x020 | 4.36+216 1.97+0.03
FlexMatch 4.99+016  4.80+006  3.95+003 | 32.44+199 23.85+023 19.92+006 | 10.87+115 7. 71x014  5.56+022 | 5.36+238 2.86+091
Fully-Supervised | 445+ 012 | 19.07+0.18 | - | 2.14+ 002

[29.130,131]]. For all datasets, we use an initial learning rate of 0.03 with a cosine learning rate decay
schedule [32]] as n = g cos(%}?), where 7 is the initial learning rate, k is the current training step
and K is the total training step that is set to 22°. We also perform an exponential moving average
with the momentum of 0.999. The batch size of labeled data is 64 except for ImageNet, which uses a
batch size of 32. y is set to be 1 for Pseudo-Label and 7 for UDA, FixMatch, and FlexMatch. 7 is
set to 0.8 for UDA and 0.95 for Pseudo Label, FixMatch, and FlexMatch. These setups follow the
original papers. The strong augmentation function used in our experiments is RandAugment [33]].

Detailed hyperparameters are listed in the appendix.

We adopt two evaluation metrics: (1) the median error rate of the last 20 checkpoints following [12}
14], and (2) the best error rate in all checkpoints. We argue that the median approach is not suitable
when the convergence speeds of the algorithms show significant differences — the large number of
redundant iterations may result in over-fitting for the fast-converge algorithms. Therefore, we report
the best error rates for all algorithms, while the results of the median approach are also provided in
the appendix, showing that our FlexMatch still achieves the best performance. We run each task three
times using distinct random seeds to obtain the error bars.

4.1 Main results

The classification error rates on CIFAR-10/100, STL-10 and SVHN datasets are in Table[I] and the
results on ImageNet are in Sec.[4.2] Note that the SVHN dataset used in our experiment also includes
the extra set that contains 531,131 additional samples. Results demonstrate that FlexMatch achieves
the best performance under all label conditions on all datasets except for SVHN where Flex-UDA
(i.e., UDA with CPL) and UDA have the lowest error rate on the 40-label split and 1000-1abel split,
respectively. We also provide the detailed precision, recall, F1, and AUC results in the appendix. Our
CPL (FlexMatch) has the following advantages:

CPL achieves better performance on tasks with extremely limited labeled data. Our Flex-
Match significantly outperforms other methods When the amount of labels is extremely small. For
instance, on the CIFAR-100 dataset with 400 labels (i.e., only 4 label samples per class), FlexMatch
achieves an average error rate of 32.44%, which significantly outperforms FixMatch by 14.32%.

CPL improves the performance of existing SSL algorithms.
Other than FixMatch, the error rate of Pseudo-Labeling and UDA are 03

also dramatically reduced by employing CPL. For instance, the error wio CPL A
rate is reduced by 24.53% for Pseudo-Labeling on SVHN (40 la-  o:

bels), and by 24.47% for UDA on STL-10 (40 labels). These results é

further prove the effectiveness of CPL in better leveraging unlabeled 0.1

data. Figure|2|shows the average running time of a single iteration

with or without adding our CPL, it is clear that while improving the 0 o ETa

performance of existing SSL algorithms, our CPL does not introduce Method

additional computational burden. Figure 2: Average running

. . time of one iteration on a sin-
CPL achieves better performance on complicated tasks. The gle GeForce RTX 3090 GPU.

STL-10 dataset contains unlabeled data from a similar but broader
distribution of images than its labeled set. The existence of new types
of objects in the unlabeled dataset makes STL-10 a more challenging
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Figure 3: Convergence analysis of FixMatch and FlexMatch. (a) and (b) depict the loss and top-
1-accuracy on CIFAR-100 with 400 labels. Evaluations are done every 5K iterations. (c) and (d)
demonstrate the class-wise accuracy within the first 200K iterations on CIFAR-10 dataset. The
numbers in legend correspond to the ten classes in the dataset.

and realistic task. Our FlexMatch achieves even greater performance improvement under such a
challenging situation. To the best of our knowledge, we are the first to use only 40 labeled data for
STL-10, and obtain a noteworthy error rate of 10.87%, which is substantially better than FixMatch
(35.42%). Similar strong improvements are also observed on CIFAR-100 dataset, which has as many
as one hundred classes.

We also analyze the reason why FlexMatch fails to surpass FixMatch on SVHN. This is probably
because the data of each class in SVHN are highly unbalanced. This leads to the classes with fewer
samples never have their estimated learning effects close to 1 according to Eq. (6), even if they
are already well-learned. These low upper thresholds allow noisy data to be used even in the late
stage of training. We conclude this as a limitation of our approach of estimating the learning effects.
Nevertheless, CPL still improves Pseudo-Labeling under both label conditions and UDA under the
40-label condition despite the above issue. The reason behind this is worth studying in future work.

4.2 Results on ImageNet

We test FlexMatch on ImageNet-1K dataset and compare it with Table 2: Results on ImageNet.
FixMatch. We randomly choose the same 100K labeled data (i.e.,  Method Top-1  Top-5
100 labels per class). 'This label amount is less than 6% of the FixMatch _ 43.08 19.55
total labels. As shown in Table 2] the top-1 and top-5 error rate of  mlexMatch 3521  13.96
FlexMatch are 35.21% and 13.96%, which are significantly lower
than FixMatch (43.08% and 19.55%).

4.3 Convergence speed analysis

Another strong advantage of FlexMatch is its superior convergence speed. Figure [3(a)] and 3(b)]
shows the comparison between FlexMatch and FixMatch with respect to the loss and top-1-accuracy
on CIFAR-100 400-label split. The loss of FlexMatch decreases much faster and smoother than
FixMatch, demonstrating its superior convergence speed. The major fluctuations of the loss in
FixMatch may due to the pre-defined threshold that lets pass most unlabeled data belonging to certain
classes, whereas with CPL a larger batch of unlabeled data containing samples from various classes
enables the gradient to more directly head toward the global optimum. As a result, with only 50K
iterations, FlexMatch has already surpassed the final results of FixMatch. After 800K iterations,
however, we observe a further decrease in loss and accuracy. This is likely due to over-fitting, which
also occurs in FixMatch after 900K iterations. Thus, we believe it is not fair to use the median results
of the last few checkpoints for evaluating algorithms with different convergence speeds.

We further compare the class-wise accuracy of FixMatch and FlexMatch on CIFAR-10 in their early
training stages. As shown in Figure[3(c)|and[3(d)] at iteration 200K, FixMatch only hits an overall
accuracy of 56.35% as half of the classes are still learned unsatisfactorily, whereas FlexMatch has
already achieved an overall accuracy of 94.29% which is even higher than the final accuracy reached
by FixMatch after 1M iterations. It is manifest that the introduction of CPL successfully encourages
the model to proactively learn those difficult classes thereby improving the overall learning effect.
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Figure 4: Ablation study of FlexMatch.

4.4 Ablation study

We conduct experiments to evaluate three components of FlexMatch: the upper limit of thresholds 7,
mapping functions M (x), and threshold warm-up.

Threshold upper bound. We investigate 5 different 7 values and 3 different mapping functions on
CIFAR-10 dataset with 40 labels. As shown in Figure ()] the optimal choice of 7 is around 0.95,
either increasing or decreasing this value results in a performance decay. Note that in FlexMatch,
tuning 7 does not only affect the upper limit of the threshold but also the estimated learning effects
because they are determined by the number of samples that fall above 7.

Mapping function. We explore three different mapping functions in Figure d(b)} (1) concave:
M(z) =In(x + 1)/In2, (2) linear: M(x) = x, and (3) convex: M(z) = z/(2 — ) . We see that
the convex function shows the best performance and the concave function shows the worst. Although
tweaking the degree of convexity may probably lead to further improvement, we do not make further
investigation in this paper. It is noteworthy that all these functions have their outputs grow from 0 to
1 when the inputs go from 0 to 1. One may also design a function with a different range, for instance,
from 0.5 to 1. In this case, it is equivalent to setting a lower limit to the flexible threshold so that even
at the beginning of the training, only samples with prediction confidence higher than this limit will
contribute to the unsupervised loss. We do not include such a lower limit in FlexMatch since it will
introduce a new hyperparameter. However, we did find that setting a lower limit at 0.5 can slightly
improve the performance. A possible reason is that the lower threshold prevents noisy training caused
by incorrect pseudo labels at the early stage [34].

Threshold warm-up. We analyze the performance of threshold warm-up on both CIFAR-10 (40
labels) and CIFAR-100 (400 labels) datasets. As shown in Figure the effect of threshold warm-up
is mediocre on CIFAR-10 but is measurable on CIFAR-100. This is reasonable since CIFAR-100 is a
more complicated dataset with more classes compared to CIFAR-10. At the beginning of the training
without the threshold warm-up, the flexible thresholds may go through heavy fluctuations because the
denominator in Eq.(6) is small. In the meantime, there will always be some classes whose flexible
thresholds reach or approach 7, thereby filtering out most unlabeled data in the batch. The threshold
warm-up solves this issue by gradually raising the thresholds of all classes from zero — it creates a
learning boom at the early training stage where most of the unlabeled data can be utilized.

5 TorchSSL: A PyTorch-based SSL Codebase

The PyTorch [28]] framework has gained increasing attention in the deep learning research community.
However, the main existing SSL codebase [35]] is based on TensorFlow. For the convenience and
customizability, we re-implement and open source a PyTorch-based SSL toolbox, named TorchSSL as
shown in Figure[5] TorchSSL contains eight popular semi-supervised learning methods: IT-Model [9],
Pseudo-Labeling [4], VAT [36], Mean Teacher [[10], MixMatch [12], ReMixMatch [13], UDA [11],
and FixMatch [14], along with our proposed method FlexMatch. Most of our implementation details
are based on [35]. More importantly, in addition to the basic SSL. methods and components, we
implement several techniques to make the results stable under PyTorch framework. For instance,
we add synchronized batch normalization [37]] to avoid the performance degradation caused by
multi-GPU training with small batch size, and a batch norm controller to prevent performance crashes
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Figure 5: Components of TorchSSL.

for some algorithms, which is not officially supported in PyTorch. Detailed information of TorchSSL
is presented in the appendix.

6 Related Work

Pseudo-Labeling [4]] is a pioneer SSL method that uses hard artificial labels converted from model
predictions. A confidence-based strategy was used in [6] along with pseudo labeling so that the
unlabeled data are used only when the predictions are sufficiently confident. Such confidence-based
thresholding also presents in recently proposed UDA [11] and FixMatch [[14] with the difference
being that UDA used sharpened ‘soft’ pseudo labels with a temperature whereas Fixmatch adopted
one-hot ‘hard’ labels. The success of UDA and FixMatch, however, relies heavily on the usage
of strong data augmentations to improve the consistency regularization. ReMixMatch [13]] also
leveraged such strong augmentations.

The combination of curriculum learning and semi-supervised learning is popular in recent years [38}
39, 140]]. For multi-model image classification task, [38] optimized the learning process of unlabeled
images by judging their reliability and discriminability. In [39], the easy image-level properties are
learned first and then used to facilitate segmentation via constrained CNNs. Curriculum learning
is also used to alleviate out-of-distribution problems by picking up in-distribution samples from
unlabeled data according to the out-of-distribution scores [40].

Several researches have investigated on dynamic threshold in related fields such as sentiment anal-
ysis [41] and semantic segmentation [42]. In [41], the threshold was gradually reduced to make
high-quality data selected into labeled data set in the early stage and large-quantity in the later stage.
An extra classifier is added to automate the threshold to deal with domain inconsistency in [42].

7 Conclusion and Future Work

In this paper, we introduce Curriculum Pseudo Labeling (CPL), a curriculum learning approach of
leveraging unlabeled data for SSL. CPL dramatically improves the performance and convergence
speed of SSL algorithms that involve thresholds while being extremely simple and almost cost-free.
FlexMatch, our improved algorithm of FixMatch, achieves state-of-the-art performance on a variety
of SSL benchmarks. We hope that CPL can attract more future attention to explore the effectiveness
of utilizing unlabeled data according to the model’s learning status. In future work, we would like to
improve our method under the long-tail scenario where the unlabeled data belonging to each class are
extremely unbalanced.
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