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ABSTRACT

Semi-supervised learning (SSL) has become a crucial approach
in deep learning as a way to address the challenge of limited
labeled data. The success of deep neural networks heavily
relies on the availability of large-scale high-quality labeled
data. However, the process of data labeling is time-consuming
and unscalable, leading to shortages in labeled data. SSL
aims to tackle this problem by leveraging additional unlabeled
data in the training process. One of the popular SSL algo-
rithms, FixMatch [1], trains identical weight-sharing teacher
and student networks simultaneously using a siamese neural
network (SNN). However, it is prone to performance degrada-
tion when the pseudo labels are heavily noisy in the early train-
ing stage. We present KD-FixMatch, a novel SSL algorithm
that addresses the limitations of FixMatch by incorporating
knowledge distillation. The algorithm utilizes a combination
of sequential and simultaneous training of SNNs to enhance
performance and reduce performance degradation. Firstly, an
outer SNN is trained using labeled and unlabeled data. Af-
ter that, the network of the well-trained outer SNN generates
pseudo labels for the unlabeled data, from which a subset of
unlabeled data with trusted pseudo labels is then carefully cre-
ated through high-confidence sampling and deep embedding
clustering. Finally, an inner SNN is trained with the labeled
data, the unlabeled data, and the subset of unlabeled data with
trusted pseudo labels. Experiments on four public data sets
demonstrate that KD-FixMatch outperforms FixMatch in all
cases. Our results indicate that KD-FixMatch has a better train-
ing starting point that leads to improved model performance
compared to FixMatch.

Index Terms— semi-supervised learning, knowledge dis-
tillation, siamese neural networks, high-confidence sampling,
deep embedding clustering

1. INTRODUCTION

Large-scale high-quality labeled data is the key to the tremen-
dous success of supervised deep learning models in many
fields. However, collecting labeled data remains a significant
challenge, as the process of data labeling is time-consuming
and resource-intensive. This is particularly evident in tasks
such as detecting product image defects in e-commerce, where

high-quality labeled data is essential for accurate predictions
and customer satisfaction. The numbers of defective and non-
defective images are sometimes extremely unbalanced and
thus it is necessary to label a large number of randomly se-
lected images in order to collect sufficient high-quality labeled
images for supervised learning.

Recently, [1] came up with a widely used SSL algorithm
called FixMatch, which trains an SNN with limited labeled and
extra unlabeled data, and achieved significant improvement
comparing to traditional supervised learning methods. How-
ever, despite the superiority and success of FixMatch, it has a
noticeable disadvantage. It trains the teacher and the student in
an SNN simultaneously and since the pseudo labels generated
by the teacher in the early stage may not be correct, using them
directly may introduce large amount of label noise. Therefore,
we propose a modified FixMatch called KD-FixMatch, which
trains an outer and an inner SNN sequentially. Our proposed
method improves upon FixMatch because an outer SNN will
be first trained with labeled and unlabeled data and thus the
percentage of label noise in the pseudo labels generated by the
network of the well-trained outer SNN would be lower than
that of the teacher in FixMatch, especially in the early stage.
Our main contributions are summarized as follows:

1. In KD-FixMatch, the outer SNN is first well-trained
and its network serves as a teacher for the inner SNN.
Thus, we have a better training starting point than direcly
applying FixMatch algorithm to the inner SNN.

2. Unlike self-training [2, 3] or Noisy Student [4], where
its neural network is re-trained multiple times when its
pseudo labels are required to be updated, we only need
to train each of the outer and inner SNN once.

3. KD-FixMatch outperforms FixMatch in our experiments
although the time complexity of KD-FixMatch is more
than two times that of FixMatch.

2. RELATION TO PRIOR WORK

SSL has gained significant attention in recent years as a method
to overcome the challenge of limited labeled data. By incorpo-
rating large-scale unlabeled data, SSL has shown to enhance
the performance of deep neural networks, as demonstrated in
various studies [1, 4, 5, 6, 7].



Fig. 1: An example of SNN for FixMatch.

2.1. Teacher-Student Sequential Training

Knowledge distillation [8] is a well-known model compression
technique that transfers knowledge from a pre-trained, larger
teacher model to a smaller student model. By using the teacher
to generate pseudo labels for the unlabeled data, the student
trained on both labeled data and pseudo-labeled data performs
better than when trained solely on the limited labeled data [8].

Noisy Student [4] takes inspiration from knowledge dis-
tillation and uses a student model that is equal to or larger
than the teacher model. This allows for the inclusion of noise-
inducing techniques such as dropout, stochastic depth, and
data augmentation in the student’s training, resulting in better
generalization compared to the teacher [4]. In Noisy Student,
once the student is found to be better than the teacher, the
pseudo labels are updated by the current student, and a new
student is re-initialized. This procedure is then repeated sev-
eral times. However, this approach requires waiting for the
teacher to be well-trained before generating highly confident
pseudo labels for the student’s training.

2.2. Teacher-Student Simultaneous Training

Besides the aforementioned sequential methods, the simulta-
neous training method is also an alternative option [1, 9, 10].
We take FixMatch [1] as an example. The core neural network
architecture for FixMatch is SNN which consists of two identi-
cal weight-sharing classifier networks, a teacher and a student.
See Figure 1.

Assume that fθ is a standard neural network with softmax
output layer, θ ∈ <n is a long vector, ` is the number of
training examples, K is the number of the classes, and n
is the total number of the parameters of fθ. We define the
optimization problem for FixMatch to be

min
θ

f(θ),where f(θ) =
1

2C
θTθ +

1

`

∑̀
i=1

ξ(θ;xi,yi) (1)

C > 0 is the parameter to avoid overfitting by regularization,
xi is the ith input image, and yi is the label vector of xi. In
addition, if xi belongs to the sth class, the label vector, yi,
is [0, . . . , 0︸ ︷︷ ︸

s−1

, 1, 0, . . . , 0]T ∈ <K . However, training examples

for SSL consists of both a set of the labeled data, Sl, and a
set of the unlabeled data, Su. Label vectors for the unlabeled
data are not available. Therefore, FixMatch uses teacher inside
SNN to generate pseudo labels as label vectors for xi, i ∈ Su

and then the loss function, ξ, in (1) can be defined as follows:

ξ(θ;xi,yi) =

{
ξl
(
yi, fθ(x

i
w)
)

if i ∈ Sl,

λuξu(ŷ
i, fθ(x

i
s)) if i ∈ Su,

(2)

where ŷi is the pseudo label vector of xi, i ∈ Su, λu is a
pre-defined parameter, xi

w is the weakly augmented image
of xi, xi

s is the strongly augmented image of xi, ξl is a loss
function for the labeled data, and ξu is a loss function for the
unlabeled data.

In [1], ξl in (2) is the standard cross-entropy (CE) function
to measure the difference between fθ(xi

w) and its label vector
yi. For ξu in (2), when the input of fθ is xi

w, fθ is considered
as the teacher and fθ(x

i
w) is ŷi of xi. Conversely, fθ is

considered as the student when the input of fθ is xi
s. However,

in order to reduce label noise, we only choose the highly
confident pseudo labels whose maximum value are greater
than or equal to a pre-defined threshold τ > 0 and thus ξu in
(2) can be defined as follows:

1(max(ŷi) ≥ τ)ξu(OHL(ŷi), fθ(x
i
s)), (3)

where 1 is an indicator function and OHL is a function map-
ping a softmax pseudo label vector to its one-hot label vector.
After the loss function, ξ, in (1) is prepared, back-propagation
is applied to update the weights in fθ and thus both teacher
and student are updated simultaneously by minimizing (1).

For the method where teacher and student are trained si-
multaneously, there is no need to wait for the teacher’s training
procedure to complete before the student’s can begin. How-
ever, in the early stage, heavy label noise or insufficient correct
pseudo labels generated by the immature teacher may affect
the generalization ability of the student model.

3. PROPOSED ALGORITHM

We propose an algorithm called KD-FixMatch, which contains
an outer SNN, f outer, and an inner SNN, f inner. The goal
is not only to use teacher-student sequential training to fix
label noise problem in the early stage, but also to incorporate
teacher-student simultaneous training such as FixMatch.

3.1. Trusted Pseudo Label Selection

After the outer SNN is well-trained, it generates pseudo labels
for the unlabeled data. Due to the imperfection of the outer
SNN, we need to choose a subset of trusted pseudo labels
to reduce label noise. Otherwise, it may affect inner SNN’s
model performance.

Similar to (3), we first choose a pre-defined threshold,
τ select, and choose the pseudo labels whose maximum value



HEURISTIC 1: Merging Conflict Pseudo Labels

if max
(
f inner
θ (xi

w)
)
≥ τ inner then

ŷi ← f inner
θ (xi

w)
else if i ∈ Tu then

ŷi ← yi,outer

else
ŷi ← 0

end

is greater than or equal to τ select. Then, we extract the latent
representations1 of the unlabeled data which has passed the
τ select selection. We do a deep embedding clustering [11, 12]
on the representations and choose the unlabeled data whose
clustering results are consistent with their predicted class.2

Finally, the indices of the chosen unlabeled data form Tu.

3.2. Merging Conflict Pseudo Labels

From Section 3.1, Tu is determined. However, our inner SNN
also generates pseudo labels for the unlabeled data during its
training process. Following (3), we choose the pseudo labels
whose maximum value is greater than or equal to a pre-defined
threshold, τ inner > 0, to be inner SNN’s trusted pseudo labels.
Therefore, conflicts may arise when both the outer and inner
SNN provide their own trusted pseudo labels for the same
image. Heuristic 1 is proposed to determine the pseudo label
vector, ŷi, in (3) for the unlabeled data which has conflict
pusedo labels. The main idea is that the inner SNN intuitively
has better generalization ability than the outer SNN since it
has more reliable pseudo labels in the early stage.

3.3. Robust Loss Functions

Label noise is one of the major problems for SSL since teacher
model is not perfect. In other words, there exist noisy labels
among the pseudo labels generated by the teacher. [7] men-
tioned that robust loss functions may be helpful in case of
noisy pseudo labels. The widely used loss functions in robust
learning is symmetric loss functions [13, 14] which has been
proven to be robust to noisy labels. However, there are some
constraints for symmetric loss functions.

Assume that f is a standard neural network with softmax
output layer. From [14], a loss function ξ is called symmetric
if it satisfies

∑K
k=1 ξ(f(x), ek) =M, ∀x ∈ X, ∀f, whereK

is the number of classes, X is the feature space, f is a function
mapping an input x to a softmax output y, M is a constant
value, and ek = [0, . . . , 0︸ ︷︷ ︸

k−1

, 1, 0, . . . , 0]T ∈ <K .

Mean absolute error (MAE) [15], symmetric cross-entropy
(SCE) [16], and normalized cross-entropy (NCE) [17] are

1The representations are derived from the layer before the last layer.
2The predicted class is the index of the maximum value of ŷi.

ALGORITHM 1: KD-FixMatch
Given a labeled data, Sl, and an unlabeled data, Su;
1: Initialize an outer SNN, f outer, and train it with Sl

and Su by using back-propagation to solve (1);
2: Generate pseudo labels for Su using the
well-trained f outer;

3: Select a trusted index subset Tu from Su;
4: Choose CE or a robust loss function to be ξinner

u ;
5: Initialize an inner SNN, f inner, and train it with not
only the labeled and unlabeled data but also the
unlabeled data with trusted pseudo labels,
(xi, ŷi), i ∈ Tu;

6: Return the well-trained f inner;

examples of robust loss functions.

3.4. Knowledge Distillation Siamese Neural Networks

We initialize an inner SNN and then train it with not only the
labeled and unlabeled data but also the unlabeled data with
trusted pseudo labels, (xi, ŷi), i ∈ Tu. For the inner SNN, the
optimization problem and loss functions are the same as (1),
(2), and (3) except that we substitute f , C, ξl, λu, ξu, and τ
with f inner, C inner, ξinner

l , λinner
u , ξinner

u , and τ inner, respectively.
A summary of our proposed algorithm is in Algorithm 1.

4. EXPERIMENTS

The main objective in this section is to compare our pro-
posed algorithm with other methods. For a fair compar-
ison, we implement all of the methods using Tensorflow
2.3.0. EfficientNet-B0 [18] pre-trained on ImageNet3

is chosen for all of the experiments and SNN-EB0 is
an SNN which consists of two identical weight-sharing
EfficientNet-B0. We compare the following five meth-
ods: 4 (a) Baseline: EfficientNet-B0 is trained with
only the labeled data by solving (1) with CE loss function;
(b) FixMatch: SNN-EB0 is trained with the labeled and
unlabeled data by solving (1) with (2) and (3) and both ξl
and ξu are CE functions; (c) KD-FixMatch-CE: an outer
and an inner SNN-EB0 are trained using Algorithm 1 with
the labeled and unlabeled data and both ξl and ξu for outer
and inner SNN-EB0 are CE functions; (d) KD-FixMatch-
SCE-1.0-0.01: the same as KD-FixMatch-CE except that ξu
for inner SNN-EB0 is an SCE function with α = 1.0 and
β = 0.01; and (e) KD-FixMatch-SCE-1.0-0.1: the same as

3Pre-trained models are derived from https://www.tensorflow.
org/api_docs/python/tf/keras/applications.

4Due to the space limitation, for robust loss functions, we only use SCE for
our experiments. The formula of SCE is α×CE+ β×RCE and RCE stands
for reverse cross-entropy. Assume that H(q,p) is a standard CE function
given two distributions, q (ground truth distribution) and p (distribution from
the softmax neural network output), RCE can be defined as: H(p, q).



#class #train #validation #test
CIFAR10 10 40,000 10,000 10,000
SVHN 10 58,606 14,651 26,032
CIFAR100 100 40,000 10,000 10,000
FOOD101 101 60,600 15,150 25,250

Table 1: Summary of four public data sets. #class is the num-
ber of classes, #train is the number of the train data, #validation
is the number of the validation data, #test is the number of the
test data.

KD-FixMatch-CE except that ξu for inner SNN-EB0 is an
SCE function with α = 1.0 and β = 0.1. For the labeled
training data in all of our experiments, we follow the sampling
strategy mentioned in [1] to choose an equal number of images
from each class in order to avoid model bias.

For all the experiments, Adam [19] optimizer is used and
the exponential decay rates for 1st and 2nd moment estimates
are 0.9 and 0.999, respectively. Batch size is set to 128.5 The
initial learning rate is 7e−5 and the learning rate scheduler
mentioned in Section 5.2 of [18] is applied. We set 1/C in
(1) to be 5e−4 except that 1e−3 for CIFAR100. For weak
augmentation, we follow the method in Section 2.3 of [1]. For
strong augmentation, we follow RandAugment implementa-
tion in [20]. Following [1], we set τ in (3) to be 0.95 and λu
be 1. Also, we set τ select and τ inner to be 0.80 and 0.95, re-
spectively. For inference, we follow [1] to use the maintained
exponential moving average of the trained parameters. The
decay is set to be 0.9999 and num_updates be 10. 6

4.1. Experiments on Four Public Data Sets

In this subsection, we conduct our experiments on four public
data sets: SVHN [21], CIFAR10/100 [22], and FOOD101
[23]. In order to mimic the practical use, we randomly split the
training data from their official websites into original training
data (80%) and original validation data (20%) for our exper-
iments. The unlabeled data from the official websites is not
used. Instead, we follow [1] to ignore the labels in the original
training data and deem it as unlabeled data. All of these four
data sets are publicly available and the summary is in Table 1.

From Table 2, we observe that: (a) FixMatch is better
than Baseline for all the cases. This is as expected because,
comparing to Baseline, FixMatch leverages an additional un-
labeled data; (b) KD-FixMatch is better than FixMatch for
all the cases. The reason is that KD-FixMatch has a better
starting point than FixMatch; (c) Comparing to FixMatch, the
more labeled data we use, the less improvements we have for
KD-FixMatch. The possible reason is that when FixMatch
has a large enough initial labeled data it has a good starting

5Except for Baseline, 64 labeled and 64 unlabeled images are in a batch.
6See https://github.com/petewarden/tensorflow_

makefile/blob/master/tensorflow/python/training/
moving_averages.py.

400 labels 1, 000 labels 2, 000 labels 4, 000 labels
Baseline 33.47± 4.62% 44.18± 4.40% 82.62± 1.90% 93.37± 0.24%

FixMatch 84.96± 0.75% 91.85± 0.58% 94.25± 0.47% 95.69± 0.15%

KD-FixMatch-CE 87.40± 0.53% 92.92± 0.46% 94.94± 0.25% 96.18± 0.18%

KD-FixMatch-SCE-1.0-0.01 87.33± 0.52% 93.03± 0.54% 95.04± 0.18% 96.33± 0.23%

KD-FixMatch-SCE-1.0-0.1 87.55± 0.41% 93.19± 0.32% 95.00± 0.41% 96.34± 0.13%

(a) CIFAR10

400 labels 1, 000 labels 2, 000 labels 4, 000 labels
Baseline 19.66± 23.56% 30.23± 26.62% 82.97± 0.98% 87.06± 0.22%

FixMatch 70.20± 2.11% 83.40± 0.85% 87.84± 1.90% 89.91± 0.88%

KD-FixMatch-CE 76.01± 1.37% 84.50± 1.45% 89.07± 0.90% 91.12± 0.38%

KD-FixMatch-SCE-1.0-0.01 76.46± 1.65% 84.52± 1.36% 89.06± 1.09% 91.15± 0.75%

KD-FixMatch-SCE-1.0-0.1 76.50± 1.80% 84.40± 1.62% 88.50± 1.08% 91.11± 0.45%

(b) SVHN

1, 000 labels 4, 000 labels 10, 000 labels 20, 000 labels
Baseline 35.02± 30.12% 71.92± 0.36% 78.20± 0.34% 81.97± 0.36%

FixMatch 57.72± 1.02% 73.73± 0.53% 79.51± 0.87% 82.74± 0.30%

KD-FixMatch-CE 61.26± 0.96% 75.94± 0.65% 81.05± 0.31% 83.53± 0.52%

KD-FixMatch-SCE-1.0-0.01 60.68± 0.96% 76.01± 0.61% 80.75± 0.32% 83.65± 0.36%

KD-FixMatch-SCE-1.0-0.1 60.62± 0.96% 75.57± 0.13% 81.10± 0.15% 83.85± 0.28%

(c) CIFAR100

1, 000 labels 4, 000 labels 10, 000 labels 20, 000 labels
Baseline 38.81± 0.38% 59.87± 0.42% 69.97± 0.19% 75.62± 0.17%

FixMatch 39.94± 0.42% 63.26± 0.46% 72.04± 0.33% 77.38± 0.23%

KD-FixMatch-CE 42.64± 0.96% 65.60± 0.32% 74.72± 0.39% 79.33± 0.33%

KD-FixMatch-SCE-1.0-0.01 43.18± 1.23% 65.94± 1.08% 74.54± 0.30% 79.29± 0.24%

KD-FixMatch-SCE-1.0-0.1 41.73± 1.51% 66.12± 1.10% 74.86± 0.33% 79.46± 0.09%

(d) FOOD101

Table 2: Test accuracy for four public data sets. We run all the
experiments five times using the same five random seeds and
report the mean and standard deviation of the test accuracy.
The best results in each column are represented in bold letters.

point to reach the result competitive to KD-FixMatch; and
(d) KD-FixMatch-SCE has slightly better model performance
than KD-FixMatch-CE in most of the cases even without grid
search for the two parameters, (α, β). The possible reason is
that the robust loss function, SCE, is applied.

5. CONCLUSION

In this paper, we have proposed an SSL algorithm, KD-
FixMatch, which is an improved version of FixMatch that
utilizes knowledge distillation. Based on our experiments, KD-
FixMatch outperforms FixMatch and Baseline on four public
data sets. Interestingly, despite the absence of the parameter
selection for SCE (robust loss function), the performance of
KD-FixMatch-SCE is slightly better than KD-FixMatch-CE
in most of the cases.
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