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Abstract A major challenge that prevents the training of deep learning models is the limited availability of large
quantities of accurately labeled data. This shortcoming is particularly acute in areas such as medical and biological
sciences where data annotation is an expert-demanding, time-consuming, and error-prone undertaking. In this
regard, semi-supervised learning tackles this challenge by capitalizing on scarce labeled and abundant unlabeled data;
however, state-of-the-art methods typically depend on pre-trained features and large validation sets to learn effective
representations for classification tasks. In addition, the reduced set of labeled data is often randomly sampled,
neglecting the selection of more informative samples. Here, we present active Deep Feature Annotation (active-
DeepFA), a method that effectively combines contrastive learning, teacher-student-based meta-pseudo-labeling
and active learning to train non-pre-trained CNN architectures for image classification in scenarios of scarcity of
labeled and abundance of unlabeled data. It integrates deep feature annotation (DeepFA) into a co-training setup that
implements two cooperative networks to mitigate confirmation bias arising from pseudo-labels. The method starts
with a reduced set of labeled samples by warming up the networks with supervised contrastive learning. Afterward
and at regular epoch intervals, label propagation is performed on the 2D projections of the networks’ deep features.
Next, the most reliable pseudo-labels are exchanged between networks in a cross-training fashion, while the most
meaningful samples are annotated and added to the labeled set. The networks independently minimize an objective
loss function comprising supervised contrastive, supervised, and semi-supervised loss components, enhancing the
representations for image classification. Our approach is evaluated on seven challenging image datasets across
three distinct domains with only 5% of labeled samples, surpassing baselines and outperforming seven established
benchmarks. In addition, it reduces annotation effort by achieving comparable results to those of its counterparts

with only 3% of labeled data.
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1 Introduction

Over the past few years, deep learning methodologies have
garnered significant attention and acclaim due to their remark-
able versatility in addressing a range of challenges across a
wide spectrum of disciplines, including computer vision, nat-
ural language processing, and speech recognition. In addition,
the predictive capability of deep learning, combined with its
automatic feature extraction, makes it a favored technique in
medical diagnosis [Dong et al., 2021].

These methodologies have risen to prominence for achiev-
ing state-of-the-art results in various computer vision tasks,
notably in image classification, segmentation, and object de-
tection. This success is largely due to the vast availability of
data and the simultaneous progress in both deep learning algo-
rithms and computational power. Despite that, available data
are frequently unlabeled in practical situations, presenting a
significant hurdle for fully supervised methods that greatly de-
pend on labeled data. This issue is particularly acute in fields
such as medical and biological sciences, where data are very
scarce and data labeling demands expertise and substantial

time investment.

In light of this scenario, semi-supervised learning (SSL)
methods attempt to address the short supply of labeled data
by utilizing unlabeled data to improve the generalization per-
formance of predictive classifiers. In the field of deep neural
networks, this approach is known as deep semi-supervised
learning (DSSL). Over time, a wide array of DSSL meth-
ods has emerged, showcasing various strategies and ap-
proaches [Yang et al., 2022]. Out of these, pseudo-labeling
is renowned for its prominence due to its simple yet effective
learning scheme. It essentially works by assigning pseudo-
labels to unlabeled data and selecting the samples with the
highest-confidence predictions, which in turn are used to train
and improve the model.

Recently, Benato et al. [2021b, 2023] introduced confi-
dence Deep Feature Annotation (conf-DeepFA), a teacher-
student-based meta-pseudo-labeling method to train CNNs in
semi-supervised settings. It builds on the Deep Feature Anno-
tation (DeepFA) technique [Benato et al., 2021a] by exploit-
ing the non-linear 2D projections of the student pre-trained
CNN model’s deep features for downstream label propagation
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within an iterative scheme. The 2D projection is achieved
through t-SNE [Van Der Maaten, 2014] and labels are propa-
gated from labeled to unlabeled samples in 2D by means of
a teacher graph-based classifier called OPFSemi [Amorim
et al., 2016]. In [Benato ef al., 2021b], a threshold selection
criterion is introduced to select the most confident pseudo-
labeled samples, which are then utilized to train the student
CNN model via cross-entropy loss. The backbone of the
student CNN model comprises the VGG-16 encoder with
pre-trained weights on the ImageNet dataset [Russakovsky
etal., 2015].

While traditional pre-trained architectures can accelerate
learning and reduce reliance on labeled data in annotation-
scarce scenarios, they may not be viable in application do-
mains that require more lightweight and specialized archi-
tectures. Moreover, they may introduce domain bias, inherit
biases from the source dataset, and require careful fine-tuning,
which is critical in certain applications [Steed and Caliskan,
2021].

The conf-DeepFA method has shown to achieve high clas-
sification accuracy on several datasets from a reduced set of
labeled samples (~1% of the dataset) and without the need
for a validation set, further reducing the annotation effort.
Nevertheless, its implementation using non-pre-trained cus-
tom CNN architectures remains an open problem since the
required number of labeled samples to provide satisfactory
results is rather high (~5% of the dataset) [Aparco-Cardenas
et al., 2024, 2025]. In addition, the occurrence of confir-
mation bias is a potential drawback for this method, where
pseudo-labeling errors may have an adverse effect on the
model’s generalizability [Arazo et al., 2020].

More recently, Wang et al. [2021] presented a contrastive
learning and pseudo-labeling-based iterative method to clas-
sify remote sensing images in semi-supervised scenarios
where labeled data are scarce and unlabeled data are abundant.
The method implements two independent yet complementary
CNN s that are jointly trained in a co-training fashion. The
intuition behind this setup is to create two views of the train-
ing data to improve the networks’ ability to learn effective
feature representations. It starts by independently training
the encoder section of the networks by means of the mini-
mization of a weighted contrastive loss. Next, a classification
head is added to each network for subsequent image clas-
sification. In each iteration, the networks are trained in a
cross-training manner with each network playing both the
roles of teacher, by producing pseudo-labels, and student, by
learning from the other network’s pseudo-labels. The pseudo-
labels with the highest 10% classification score are chosen
to train the networks in the following iteration. An iterative
categorical cross-entropy (ICE) loss function is implemented
to reduce the impact of incorrect pseudo-labels during early
iterations. Ultimately, an ensemble comprising the models
trained across multiple iterations is used for inference on new
data. This approach effectively combines contrastive learning
with pseudo-labeling to achieve robust feature representation
and to efficiently use unlabeled data, making it well-suited
for scenarios with scarse labeled data, such as remote sensing
imagery.

The work by Aparco-Cardenas et al. [2024], hereafter
called contrastive Deep Feature Annotation (cont-DeepFA),
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attempts to integrate contrastive learning and deep feature
annotation in an iterative co-training fashion for the semi-
supervised classification of biological images. It enables
the use of non-pre-trained custom CNN architectures in the
DeepFA framework by capitalizing on contrastive learning
to improve the representation learning capability of two col-
laborative networks. Subsequently, during each iteration, the
networks are trained in a teacher-student cross-training set-
ting, where the teacher OPFSemi performs label propagation
from labeled to unlabeled samples on the non-linear 2D pro-
jection of each student network’s deep features; thereafter,
the pseudo-labels with the highest 10% labeling confidence
score, per class, are chosen to fine-tune the other network in
a cross-training way. This has proven to effectively lessen
confirmation bias and overfitting, while increasing the gen-
eralizability of the networks as iterations proceed. It was
evaluated on three challenging unbalanced biological image
datasets with only 5% of labeled samples.

Despite its efficacy, cont-DeepFA presents several draw-
backs. It requires a larger proportion of labeled samples
(5% vs 1% of the dataset) compared to approaches based on
pre-trained CNN architectures. In addition, cont-DeepFA is
storage-inefficient since it demands storing two models per
iteration, resulting in 27" stored models after T iterations for
training the final model. Moreover, its performance is highly
dependent on the initial randomly selected labeled set, as this
guides both supervised contrastive initialization and iterative
pseudo-labeling. Finally, the absence of a mechanism for se-
lecting representative samples limits its capacity to improve
classification performance and generalization.

Active learning is a technique designed to identify the most
informative samples from unlabeled data and present them
to the oracle (e.g., a human annotator) for labeling, with the
goal of minimizing labeling effort while preserving perfor-
mance [Ren et al., 2021].

In this paper, we build on the work by Aparco-Cardenas
et al. [2024] to introduce active Deep Feature Annotation
(active-DeepFA), an active contrastive-based meta-pseudo-
labeling method that follows the teacher-student paradigm. It
adopts a co-training strategy and capitalizes on active learn-
ing to train non-pre-trained custom CNN under conditions of
short supply of labeled and abundance of unlabeled data. It im-
plements two cooperative CNNs enhancing pseudo-labeling
accuracy and mitigating confirmation bias. Moreover, it ex-
ploits active learning through the periodic labeling of the most
uncertain pseudo-labeled samples during training, which in
turn improves the networks’ generalizability and reduces the
number of required labeled samples to achieve suitable re-
sults.

The active-DeepFA method starts with a reduced set of
labeled samples (~1% of the dataset) and works by initially
pre-training the networks (students) through the minimization
of a weighted supervised contrastive loss for a few epochs. Af-
terward, a loss equal to the sum of three losses: i) a weighted
supervised contrastive loss, i) a supervised loss, and iii) a
semi-supervised loss, is minimized throughout the training
process for each network. The set of labeled samples is used to
minimize both (i) and (ii), while a set of reliable pseudo-labels
is used to minimize (iii). Label propagation is performed in
intervals of a few epochs through deep feature annotation,



Co-Training with Active Contrastive Learning and Meta-Pseudo-Labeling
on 2D Projections for Deep Semi-Supervised Learning

so that the deep features of each network are projected onto
2D via t-SNE and OPFSemi (teacher) propagates labels from
labeled to unlabeled samples. Next, the pseudo-labels with
the highest 10% labeling confidence score, per class, are se-
lected to fine-tune the other network, while a small number
of samples, whose pseudo-labels have the lowest labeling
confidence score, are chosen to be labeled by an oracle, and
then added to the set of labeled samples to minimize (i) and
(ii) during subsequent epochs. The aforesaid active learning
procedure halts when the number of labeled samples reaches a
preset value. Lastly, an ensemble of the two trained networks
is used for inference on unseen data.

This method effectively combines contrastive learning,
meta-pseudo-labeling and active learning to efficiently ex-
ploit unlabeled data, producing well-generalized models un-
der conditions of scarcity of labeled and abundance of unla-
beled data. Moreover, labeling the samples, identified as the
most uncertain to classify, at regular epoch intervals results
in improved generalization performance, since the model is
continuously fed with meaningful samples during the training
phase. The latter is in stark contrast to its counterparts, which
randomly select the set of samples to be labeled and keep it
fixed throughout the learning process.

Unlike the works by Wang et al. [2021] and Aparco-
Cardenas et al. [2024], which use supervised contrastive
learning only at the beginning of each iteration as a sort of
pre-training, we incorporate it into the training loss during
the whole training procedure to leverage the samples labeled
by active learning. Moreover, the training phase is reduced
to a single iteration, ending up with only two networks, thus
optimizing storage efficiency.

Our approach is assessed on seven challenging image
datasets from multiple domains and benchmarked against
a number of well-established DSSL methods to prove its ef-
fectiveness and efficiency. The datasets are unbalanced and
present a high degree of resemblance among classes, making
classification quite difficult.

The main contributions of this work can be summarized
as:

1. We present a novel active contrastive-based meta-
pseudo-labeling approach that advances previous work
to train non-pre-trained custom CNN architectures for
image classification in conditions of short supply of la-
beled and abundance of unlabeled data.

2. We integrate active learning with deep feature annota-
tion within a co-training setting to efficiently harness
the unlabeled data, which in turn improves the networks’
generalizability and reduces the annotation effort by la-
beling the most difficult-to-classify samples.

The remainder of this paper is organized as follows. Sec-
tion 2 briefly reviews the related work. Next, Section 3
presents the proposed methodology in detail. Further, Sec-
tion 4 describes the experiments conducted and discusses the
results. Lastly, Section 5 concludes the paper and provides
future and ongoing work directions.
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2 Related Work

Based on different choices of architectures and unsupervised
loss functions or regularization terms, DSSL methods can be
divided into several categories [Yang ef al., 2022], among
which pseudo-labeling, consistency regularization and hy-
brid methods stand out due to their straightforwardness and
effectiveness. Also, deep semi-supervised methods in the
literature capitalize on active learning to improve image clas-
sification while alleviating annotation burden. These methods
are described in the following sub-sections.

2.1 Pseudo-labeling methods

Pseudo-labeling methods assign pseudo-labels to unlabeled
data using only a reduced set of labeled data. In general, these
can be categorized into self-training [Lee ef al., 2013] and
disagreement-based models [Zhou, 2008].

Self-training approaches use the confidence of the model’s
predictions to infer pseudo-labels for unlabeled data. How-
ever, recent works have shown that the model’s performance
can be further enhanced by using an auxiliary model (e.g.,
graph-based methods) in a teacher-student setup [Pham et al.,
2021; Benato et al., 2021a,b, 2023; Arazo et al., 2020]. It
is noteworthy that a number of issues may arise from naive
approaches, such as confirmation bias [Arazo et al., 2020], im-
balance bias [Wang et al., 2022a], or concept drift [Cascante-
Bonilla et al., 2021], which adversely impact the generaliz-
ability of the model. Some approaches to mitigate the above
issues are: to consider the pseudo-labeling confidence dur-
ing the regularization process [Arazo ef al., 2020], to reset
the parameters of the model at the start of each learning it-
eration [Cascante-Bonilla et al., 2021], and to include the
selection of the most confident pseudo-labeled samples to
ensure labeling correctness [Benato et al., 2021b, 2023].

A well-known example in this category is Pseudo-
label [Lee et al., 2013], a self-training method that fine-tunes
a pre-trained network simultaneously with both labeled and
unlabeled data. The network is initially pre-trained on the la-
beled data in a usual supervised manner, while pseudo-labels
for the unlabeled data are recomputed after each batch update
and subsequently used to regularize the model.

2.2 Consistency regularization methods

Consistency regularization methods build on the manifold
hypothesis (data points situated on the same low-dimensional
manifold should share the same label) or smoothness hypoth-
esis (if two samples are close within the input space, their
corresponding labels should match) by integrating consis-
tency constraints into the loss function. These constraints
can be adopted under different modes of perturbation (e.g.,
input perturbation, weights perturbation or layer perturbation)
leading to a wide spectrum of methods [Yang et al., 2022].
Well-known representatives in this category are II-Model,
Mean Teacher, VAT, and UDA, which are briefly described
below.

II-Model [Laine and Aila, 2017] forms a consensus pre-
diction from the ensemble of predictions of instances of a
single network across different training epochs, and under
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different regularization and input augmentation conditions.
Mean Teacher [Tarvainen and Valpola, 2017] works in a
teacher-student setup. The teacher maintains an exponential
moving average (EMA) of the student’s weights over training
steps, while a consistency cost minimizes the distance of the
predictions of both networks. Virtual Adversarial Training
(VAT) [Miyato et al., 2018] uses a consistency constraint that
ensures similarity between the model’s outputs of the original
input sample and its corresponding adversarially transformed
image. Unsupervised Data Augmentation (UDA) [Xie et al.,
2020] examines the role of noise injection in consistency train-
ing by replacing simple noising operations with advanced data
augmentation methods.

2.3 Hybrid methods

Hybrid methods capitalize on both consistency regularization
and pseudo-labeling to create more accurate and effective
models in label-scarce settings. A well-known representa-
tive is FixMatch [Sohn et al., 2020], which assigns pseudo-
labels in a self-training manner to both weakly and strongly
augmented views of an input sample, while a consistency
constraint ensures their similarity.

A more recent method in this category is SimMatch [Zheng
et al., 2022], which extends the hybrid paradigm by jointly
considering semantic and instance similarity. Using a labeled
memory buffer, it propagates information across both the
semantic and instance levels, producing more reliable pseudo-
labels and mitigating overconfidence.

2.4 Active learning methods

SSL methods leverage active learning to label the most infor-
mative and representative samples, improving model perfor-
mance while minimizing labeling effort. The identification of
these samples is carried out through various approaches [Ren
et al., 2021]. Some works in this category are briefly pre-
sented as follows.

Gao et al. [2020] propose a consistency-based semi-
supervised active learning framework that works in two stages.
Firstly, labeled and unlabeled data are used to train the model
with cross-entropy loss and consistency-based loss, respec-
tively. Secondly, the model outputs of unlabeled data and
their augmentations are measured by a consistency-based met-
ric. Next, unlabeled samples with low-consistency scores are
selected for labeling and added to the labeled pool. Yuan et al.
[2022] propose ActiveMatch, an end-to-end SSL method that
effectively combines unsupervised and supervised contrastive
learning with self-training pseudo-labeling to actively select
the most informative samples for labeling during the training
cycle, leading to better representations for image classifica-
tion. The unlabeled samples with the lowest classification
score are submitted to the oracle for labeling and then in-
cluded in the labeled set. Zhang et al. [2014] introduce an
SSL algorithm that combines co-training and active learn-
ing to improve classification performance while spending the
same human annotation effort. It exploits co-training to select
the most reliable samples according to the criteria of high con-
fidence and nearest neighbor to improve the classifier, while
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the most informative samples are selected and submitted to a
human annotator for labeling.

3 Methodology

In this section, we thoroughly present our method, outlining
its constituent components and describing its execution steps.

3.1 Notations and Definitions

In a Semi-Supervised Learning (SSL) setting, a training set
Z = {x|x € X} comprises two disjoint subsets: a labeled
set Z;, = {(x,y)|x € X,y € Y} and an unlabeled set
Zy = {X|X S X}, where Z = Z, UZy, ZN 2y = @, and
| 21| < |Zy|. In this notation, x represents a sample, and y
denotes its corresponding class label. We proceed under the
assumption that the samples in both Z;, and Z;; are drawn
from the same data distribution. Let us denote B as a set of
batches for a given set X.

Let N7 and N5 be two independent and collaborative net-
works that share the same architecture and structure during
the training phase. Each network comprises a backbone en-
coder E and two projection heads P, to perform contrastive
learning, and P,, for classification tasks. The output latent
space of E is used for 2D projection and label propagation.

3.2 Network Architecture

The architecture of both N7 and N» comprises an encoder E
consisting of four convolutional layers of 64, 128, 256, and
512 filters each, followed by a dense (fully-connected) layer
of 4096 neurons. Each of the convolutional layers consists of
a filter bank with kernel size 3 x 3, batch normalization, ReLU
activation, max-pooling with kernel size 3 x 3. P, consists
of a dense layer of 1024 neurons, while P, encompasses a
dense layer with a number of neurons equal to the number of
classes. Figure 1 shows the networks’ architecture.

2
%

256

Encoder E

64

Figure 1. The networks’ architecture consisting of an encoder E and two
projection heads P and P..

This architecture was empirically selected based on previ-
ous related works [Aparco-Cardenas et al., 2024, 2025] and
preliminary experiments that confirmed its suitability for the
datasets considered in this manuscript. Since the focus of this
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work is on the training strategy rather than architectural ex-
ploration, we adopted a straightforward CNN design without
further architectural ablations.

3.3 Supervised Contrastive Learning on Z;,

In an attempt to circumvent the encoder’s pre-training pre-
requisite for DeepFA-based methods, we adopt supervised
contrastive learning as a warm-up step during early epochs. In
addition to that, it is a component of the loss function during
the whole training procedure, which enhances the generaliza-
tion ability of the networks.

In this regard, contrastive learning acts as a dimensional-
ity reduction technique by mapping, in a contrastive man-
ner, a set of high-dimensional data points (e.g., images) to
representations in a lower-dimensional space, such that rep-
resentations of semantically similar pairs are drawn closer,
whereas those of dissimilar pairs are pushed away from each
other in the lower-dimensional space. During the learning
phase, each network adopts a Siamese architecture comprising
two weight-sharing subnetworks as shown in Figure 2. Let
X1,X9 € Z1, be a pair of labeled input images, and let X1, X2
be their respective augmented versions. Over the course of
training, X; and X2 serve as input to the different branches of
the Siamese network. The distance function D between the
lower-dimensional representations of X; and X» is defined as
the Euclidean distance:

D(x1,%2) = || Pe(E(%1)) — Pe(E(X2))|| (1

Let y; be a binary label assigned to the pair x1, X2, where
y; = 0 if they are deemed similar and y; = 1 otherwise. In
our setting, similarity labels are derived directly from the
class labels in Z1: two samples are regarded as similar if
they belong to the same class, and dissimilar otherwise. No
additional pairwise annotation is required. To compensate
for the large difference between the number of similar and
dissimilar pairs, a weight factor 7 is incorporated into the con-
trastive loss function. The weighted supervised contrastive
loss function is defined as

S|

£y =" L") @)
=1

L) = 7(1—y) S (DO) 4 {max(0,m~ D))

3)
where p() = (y;,%,,%2)® is the i-th labeled sample pair
and S is the set of possible sample pairs for a given batch
B! € Bz, , such that |S| = (‘B;I). The margin value is set
to m = 2, consistent with previous related work [Aparco-
Cardenas et al., 2024].

Let K be the number of classes of the dataset and let p be
the size of each class for a given balanced dataset. The ratio
between the number of similar and dissimilar pairs can be
computed as

_ p—1 1
TpK-1) T K-1 @
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Figure 2. The weight-sharing Siamese architecture adopted by each network
during contrastive learning.

Therefore, the 7 value is set to K — 1 to compensate for
the contribution of similar pairs in Egl as suggested in Wang
etal.[2021].

Unlike other contrastive learning approaches that employ
cosine similarity as the distance metric, we adopt the Eu-
clidean distance to remain consistent with the prior work on
which our method builds [Aparco-Cardenas ef al., 2024] and
to ensure methodological coherence with OPFSemi, which
also computes edge weights in the graph using the Euclidean
distance.

3.4 Supervised Learning on Z;

For a given batch B! € B z,., the supervised loss function is
defined as

|B'|

. Z CE(yi,qi) ®)
i=1

Ls=—
TIB

where y; and q; are the label and the logit prediction for the

i-th sample, and C'E(-, -) represents the cross-entropy loss.

3.5 Semi-Supervised Learning on Z;;

The pseudo-labeling procedure is carried out via label prop-
agation by means of OPFSemi [Amorim ef al., 2016], a
parameter-free semi-supervised graph-based technique in-
spired by the Optimum-Path Forest (OPF) methodology,
which has been adopted in other recent works for the same
purpose [Benato et al., 2021a,b, 2023; Aparco-Cardenas et al.,
2024, 2025]. OPFSemi was selected because it efficiently
exploits both labeled and unlabeled data without requiring pa-
rameter tuning, while also providing robustness in modeling
complex decision boundaries, which makes it well-suited for
scenarios with limited labeled samples.

Let ¢ : R®™ — R? be a function that non-linearly maps
the latent space output of the encoder F into 2D. For each
network, ¢(Z) is computed by forward passing Z through £
and projecting the output deep features into 2D via t-SNE. The
OPFSemi technique is executed on the graph induced by the
samples in the projection set ¢(Z). It starts by modeling ¢( Z)
as a complete graph, where samples are encoded as nodes and
edges are weighted by the Euclidean distance between their
endpoints. The projection subset of labeled samples ¢(Z)
acts as the set of prototypes and their labels are propagated
to their most closely connected unlabeled samples in ¢(Zy/),
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resulting in a graph partitioned into optimum-path trees rooted
at ¢(Zp).

Let X' (u) be the pseudo-label assigned to u € ¢(Zy) via
OPFSemi’s label propagation, and let A\(u) be the ground-
truth label of s € ¢(ZL), such that s is the root of the
optimum-path tree to which u is connected — i.e., N (u) =
A(s). Let c(u) be the cost of the optimum-path offered from s
to u, and let ¢’ be the cost of the second smallest optimum-path
offered to u from ¢ € ¢(Z1,), where s # ¢ and ¢’ > c(u). At
the end of the execution, a labeling confidence value defined
as

/

v(u) = p ¢

W)+ € [0,1] (6)

is calculated and assigned to each u € ¢(Z,).

Afterward, we pick the pseudo-labels with the highest 10%
labeling confidence value, per class. This procedure guaran-
tees the selection of reliable pseudo-labels that encompass
all classes in the dataset. In contrast, using a fixed labeling
confidence threshold may fail to select pseudo-labels from
classes with a low mean labeling confidence value. The 10%
cutoff was adopted in accordance to previous works [Wang
et al., 2021; Aparco-Cardenas et al., 2024].

Let Y be the set of pseudo-labels with the highest 10%
labeling confidence value, per class. We define the set Z7, P =
{(x,9)|x € Zy,y € Y'}, where ¢ is the pseudo-label
assigned to sample x. For a given batch B?! € B zrls the

semi-supervised loss function is defined as

|B”'|

> CE(y,ai) (7
i=1

ssl __
ﬁU - |Bpl| ‘

where y; and q; are the pseudo-label and the logit prediction
for the ¢-th sample. During training, we apply strong augmen-
tations to the samples of ZF, l, as defined in Sohn et al. [2020],
to enhance the learning performance and the generalizability
of the network.

3.6 Active Learning and Cross-Training

Once label propagation is concluded, we identify the most
uncertain samples as the ones whose pseudo-labels have the
lowest labeling confidence value, which are the ones located
at the decision boundary of the optimum-path trees. These
samples are regarded as the most difficult to classify and
thus assumed to contain meaningful information to improve
generalization performance. Let ZX') be the set of samples
chosen by active learning for N;, i € {1,2}. The set Zﬁf)
comprises the kive samples whose pseudo-labels have the
lowest labeling confidence values, for a fixed value of kycgive.
These sets are then joined and the k,.ve Samples with the
lowest labeling confidence values are sent to the oracle to be
labeled and included in the labeled set Z;, to minimize both
L and L during the following epochs. This procedure is
halted when a preset maximum number of samples labeled
by active learning n,¢ive 1S achieved.

The conventional approach for the pseudo-labeling training
stage is to re-train the network with the pseudo-labels gener-
ated by itself. Nevertheless, this may inadvertently provoke
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overfitting and confirmation bias, thus hampering network
learning. In this respect, the idea of using the pseudo-labels
generated by another model stems from the notion that the
generalization capability of the network is enhanced when

exposed to new information. Let Z[’}l(i) be the set of picked
pseudo-labeled samples for N;, i € {1, 2}. Therefore, after

each pseudo-labeling stage, the set Z[’}l@) is used to minimize
L3 for network N7 and vice versa for No, performing this in
a cross-training manner. Ultimately, the objective loss func-
tion that each network minimizes during the training phase is
defined as

L=LY+Ls+ L5 (®)

After the training process has been completed, we use both
N7 and N3 in an ensemble fashion to predict new data. Let
pb" (u) be the predicted probability vector of IV; for sample x.
The label of x, denoted as A\(x), is computed as the index of
the highest value of the average of the predicted probability
vectors of IV and N5 in the following way

! (x) + 5 (x) } ©

A(x) = argmax {pv 5

3.7 Overview of the Proposed Method

An overview of the procedural steps of active-DeepFA is out-
lined in Algorithm 1. The method starts with two networks
N7, N (students) sharing the same architecture and structure.
Since we desire that each network produce a unique represen-
tation for the same input image, we begin by independently
initializing the weights of each network using Kaiming He ini-
tialization [He et al., 2015] (Line 1). We also keep a counter
Cactive Of the number of samples labeled by active learning,
which is initially set to zero (Line 2). The training process is
executed for a preset number of epochs, 7¢pochs. As a form of
pre-training, we perform contrastive learning by minimizing
Cgl on Zy, for a fixed number of warm-up epochs, wepochs,
where Wepochs < Mepochs (Lines 4-9).

Afterward, for the epoch immediately after the warm-up
step —i.e., at epoch Wepochs +1 —and at intervals of ej,; epochs —
i.e., at every epoch divisible by ej,, we project the output deep
features of E(Z) onto 2D using t-SNE and execute label prop-
agation from ¢(Z) to ¢(Zy) on the 2D space via OPFSemi
(teacher). Next, the sets Z[’}l and Z 4 are constructed exploit-
ing the labeling confidence values assigned to the pseudo-
labels (Lines 11-15). Let 27/, 2 and 27/®) 2 be
the sets obtained from N7 and Ns, respectively. If caegive 18
less than a fixed maximum number 1,ve, We proceed to con-
struct the set Z’; by joining the sets 21(41), Zf) and selecting
the k,ciive Samples with the lowest labeling confidence value.
The samples of Z’; are submitted to the oracle to be labeled
and subsequently added to Z;. Next, the value of cyive 1S
updated accordingly (Lines 16-20).

Then, for each network, we compute the losses E‘gf, Lg on
Zr, and ﬁffl on the strong augmented samples of Z[’}l@) for
N7 and vice versa for V5. The losses are subsequently added
and the network is updated accordingly to minimize this sum
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Figure 3. Overview of the active-DeepFA method. For each network, the output deep features of F(Z) are projected into 2D using t-SNE and labeling

propagation is executed by OPFSemi on the 2D space. Next, the sets Z[’}l(i) s ZX) are constructed for V;, ¢ € {1,2}. The set Z 1’4 is created by joining the

sets qul) , fo) and picking the k,ijve Samples whose pseudo-labels have the lowest v value. Then, the elements of Z ;1 are sent to the oracle to be labeled

and added to Z,. Afterward, the losses Efgl , Lg are computed on Z,, while Effl is calculated on Zgl

manner.

(Lines 21-26). Lastly, the trained networks Ny, N5 are used
in an ensemble manner to predict on new data.

4 Experiments and Results

This section evaluates the performance of active-DeepFA on
seven datasets from multiple domains, compares it to base-
lines and established DSSL methods, and provides an analysis
and discussion of the experimental results.

4.1 Datasets

We evaluate the active-DeepF A method on seven challenging
datasets spanning three distinct domains: biological imaging,
remote sensing and medical imaging. The first three datasets
are from a parasite biological image collection [Suzuki et al.,
2013]. The collection consists of optical microscopy images
of the most common human intestinal parasites in Brazil.
These parasites are widespread in countries with tropical, sub-
tropical, and equatorial climates, posing substantial public
health challenges. The images are rescaled to 200 x 200 x 3
pixels. The datasets comprising this collection are listed as

(

2 . . ..
) for N1 and vice versa for N2 in a cross-training

follows: i) Helminth larvae; ii) Helminth eggs; and iii) Pro-
tozoan cysts. These datasets are characterized by their class
imbalance and the presence of similar features among distinct
classes, which increases the difficulty of network learning.
Table 1 shows a brief description of the datasets, while some
images of parasites and impurities for (7)—(iif) are displayed in
Figure 4. The fourth dataset is the 10-class Moving and Sta-
tionary Target Acquisition and Recognition (MSTAR) [Song
et al., 2016], a standard Synthetic Aperture Radar (SAR)
benchmark in remote sensing. The images are grayscale
images of 128 x 128 pixels. Table 2 summarizes the cate-
gories and class sizes, while Figure 5 provides one image
example per class. Lastly, the final three datasets — Pneu-
moniaMNIST, PathMNIST and TissueMNIST — are derived
from the MedMNIST medical image collection [Yang ef al.,
2023]. PneumoniaMNIST consists of grayscale chest X-ray
images of size 128 x 128, annotated for binary classification
between pneumonia and normal cases. PathMNIST is con-
structed from colon pathology slides, providing RGB image
patches of size 128x128x3 categorized into nine distinct
tissue types. TissueMNIST, in turn, contains grayscale im-
ages of size 128 x 128 representing human kidney cortex cells,
with labels corresponding to eight different cell types. Table 2
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Algorithm 1 active-DeepFA algorithm

Inpllt: Z’ Nl: N2: Tlepochs> Wepochss €ints Tlactives kactive
Output: Trained networks Ny, Ny

1: Initialize Ny, Ny with Kaiming He initialization
2: Cactive < 0

3: for e < 1 t0 Nepochs dO

4: if e < Wepochs then

5: for B! € BZL do

6: for N € {N1, N2} do

7: Compute L using B’

8: L« ECSI

9: Update N to minimize £

10: else

11: if e % eint = 0 Or & = Wepochs + 1 then

12: for N € {N1, N2} do

13: Project E(Z) onto 2D

14: Propagate labels from ¢(Z1) to ¢(Zy)
15: Construct the sets Zgl and Z4

16: if Cactive < Nactive then

17: Construct Z’; from 21(41) and Zf)
18: Send Z/, to the oracle for labeling
19: Z,+— Z, U Z,il
20: Cactive < Cactive  Kactive
21 for B! € Bz, ,BP' € Bzgz do
22: for N € {N1, N2} do
23: Compute L, L using B’
24: Compute £;! using BP! > cross-training
25: ﬁ(—ﬁfgl-‘r/:s—Fﬁ‘?JSl
26: Update N to minimize £

27: return Ny, No

summarize the datasets’ characteristics, while Figures 6, 7,
and 8 illustrate representative examples from each dataset.

(a) Helminth larvae (b) Helminth eggs

Figure 4. Images from the Helminth larvae, Helminth eggs and Protozoan
cysts datasets. The first row shows images of parasites, while the second row

exhibits images of impurities.

(c) BRDM2 (e) BTR70

(¢) Protozoan cysts

(a) 251 (b) BMP2 (d) BTR60

(H D7 (g) T62 () T72 () ZIL131

Figure 5. Images from the MSTAR dataset.

(j) ZSU234
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(a) Normal (b) Pneumonia

Figure 6. Images from the PneumoniaMNIST dataset.

Figure 8. Images from the TissueMNIST dataset.

4.2 Dataset Preparation

We split the first three datasets Zp into % for the training
set Z and the remaining # for the test set 21 (Zp = Z U
Z7) by means of three-fold cross-validation — creating 3
train/test splits. A validation set is omitted, as its inclusion
would contradict the purpose of this work by increasing the
annotation effort. We emulate the conditions of short supply
of labeled data by partitioning the training set for each split
into labeled Z; and unlabeled Zy sets (Z2 = Zp U Zp),
such that |Z.| = 1% x |Zp| and |2y | = 65.66% x |Zp].
The 1% of labeled samples are randomly picked from Z
for each split in a stratified manner. For the remaining four
datasets — MSTAR, PneumoniaMNIST, PathMNIST, and
TissueMNIST — we retain the original train/test split and
perform three independent random samplings of 1% of the
dataset for labeling. Tables 3 and 4 show the number of
labeled and unlabeled samples for each dataset.
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Table 1. Description of the intestinal parasites datasets.

Dataset Category Size Class ID
Strongyloides stercoralis 446 1

Helminth larvae  Impurities 3068 2
Total 3514
Hymenolepis nana 348 1
Hymenolepis diminuta 80 2
Ancylostomatidae 148 3
Enterobius vermicularis 122 4

Helminth eggs Ascaris lumbricoides 337 5
Trichuris trichiura 375 6
Schistosoma mansoni 122 7
Taenia spp. 236 8
Impurities 3344 9
Total 5112
Entamoeba coli 719 1
Entamoeba histolytica / E. dispar 78 2
Endolimax nana 724 3

Protozoan cysts Giardia duodenalis 641 4
lodamoeba biitschlii 1501 5
Blastocystis hominis 189 6
Impurities 5716 7
Total 9568

Table 2. Description of the MSTAR and MedMNIST datasets.

Dataset Category Train Test Class ID
2S1 299 274 1
BMP2 233 195 2
BRDM2 298 274 3
BTR60 256 195 4
BTR70 233 196 5
MSTAR D7 299 274 6
T62 299 273 7
T72 232 196 8
ZIL131 299 274 9
ZSU234 299 274 10
Total 2757 2425
Normal 1214 234
PneumoniaMNIST  Pneumonia 3494 390
Total 4708 624
Adipose 9366 1338 1
Background 9509 847 2
Debris 10360 339 3
Lymphocytes 10401 634 4
Mucus 8006 1035 5
PathMNIST Smooth muscle 12182 592 6
Normal colon mucosa 7886 741 7
Cancer-associated stroma 9401 421 8
Colorectal AdCa epith. 12885 1233 9
Total 89996 8180
Collecting duct/tubule 53075 15942 1
Distal convoluted tubule 7814 3010 2
Glomerular endothel. cells 5866 2454 3
Interstitial endothel. cells 15406 5179 4
TissueMNIST Leukocytes 11789 4146 5
Podocytes 8482 2979 6
Proximal tubule segments 39980 11978 7
Thick ascending limb 25385 7808 8
Total 167797 53196

Table 3. Number of labeled and unlabeled samples for the parasites
and MSTAR datasets.

Helminth larvae — Helminth eggs  Protozoan cysts MSTAR
|ZL] 36 56 100 56
|Zu] 2308 3356 6281 2691

4.3 Experimental Setup

All implementations were carried out in PyTorch 1.8.0. For
t-SNE, we used the implementation from the Multicore t-SNE
library [Ulyanov, 2016] with a perplexity value of 50. The
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Table 4. Number of labeled and unlabeled samples for the MedM-
NIST datasets.
PneumoniaMNIST  PathMNIST  TissueMNIST
122 54 977 2133
|Zu] 4654 89019 163333

OPFSemi algorithm is parameter-free, so no tuning was re-
quired. As for the optimization hyperparameters, we used
stochastic gradient descent (SGD) as optimizer with batch
size of 32, learning rate of 3 x 10~*, momentum value of
0.9, weight decay value of 5 x 10~* and Nesterov momen-
tum. The learning rate adopts a cosine learning rate de-
cay [Loshchilov and Hutter, 2017], whose value at step ¢
is Ir = Irg x cos(72%), where lrg is the initial learning rate
value and 7' is the total number of training steps. The values of
t-SNE perplexity and network optimization parameters follow
prior works on the same first three datasets [ Aparco-Cardenas
etal., 2024, 2025].

For the sake of comparison, we use the results from Aparco-
Cardenas et al. [2024] for the first three datasets, since the
same three-fold cross-validation splits are employed and the
networks have an almost identical architecture. The only dif-
ference lies on the projection head, where the architecture
presented in Aparco-Cardenas et al. [2024] has a single pro-
jection head consisting of two hidden dense (fully-connected)
layers of 512 and 256 neurons each. The architecture used
for our method is presented in Section 3.2.

The active-DeepFA method starts with | 21| = 1% x | Zp|.
We set the number of contrastive warm-up epochs equal to
Wepochs = 15 to ensure meaningful representations for both
subsequent pseudo-labeling and active learning tasks. To en-
sure frequent pseudo-labeling cycles and prioritize the active
labeling of the most uncertain samples, we empirically set
eint = D for all datasets, while k,ive = 2 for the three bio-
logical image datasets, kyctive = 5 for MSTAR, Kkyctive = 10
for PneumoniaMNIST, k,cive = 162 for PathMNIST, and
kactive = 355 for TissueMNIST, aiming to enhance generaliz-
ability while maintaining efficiency.

Given the comparatively larger size of the PathMNIST
and TissueMNIST datasets, 20% of the unlabeled data is
randomly sampled during each pseudo-labeling cycle and
projected alongside the labeled data, rather than using the
entire unlabeled data. This strategy reduces computational
overhead and accelerates processing while maintaining a rep-
resentative sampling of the dataset.

The number of epochs nepechs Varies in function of the
maximum number of labeled samples by active learning
Nactive- SINCE OUr aim is to make a comparison with the results
in Aparco-Cardenas et al. [2024], we continue labeling sam-
ples via active learning until we reach | 21| = 5% x | Zp|. In
this regard, the values of nepochs and nacive for each dataset
are shown in Tables 5 and 6.

Table 5. Values of 7epochs and naciive for the parasites and MSTAR
datasets.

Helminth larvae  Helminth eggs  Protozoan cysts MSTAR
TNepochs 375 535 983 230
Nactive 140 200 379 259

It is worth noting that when applying the approach to other
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Table 6. Values of nepochs and naciive for the MedMNIST datasets.
PneumoniaMNIST =~ PathMNIST  TissueMNIST
Tlepochs 135 150 140
Nactive 214 3886 8508

datasets, these hyperparameters should be adjusted to reflect
differences in data distribution and class balance, ensuring
effectiveness and efficiency across diverse scenarios.

We use accuracy and Cohen’s «, hereafter denoted as x,
to evaluate the performance of the method. The s metric,
where xk € [—1,1], provides a more reliable measure than
accuracy for unbalanced datasets. It quantifies the degree
of disagreement between the classifier’s prediction and the
ground-truth, where x = 1 and x = —1 indicate full agree-
ment and disagreement, respectively. For each method, the
mean and standard deviation of both accuracy and x across
splits are presented.

4.4 Comparison with baselines

In this experiment, we intend to benchmark our method
against its direct baselines, from which this work derives.
The main baselines of our approach are the method by Wang
et al. [2021], conf-DeepFA [Benato ef al., 2023] and cont-
DeepFA [Aparco-Cardenas ef al., 2024]. It is worth noting
that the active-DeepF A method and its baselines do not utilize
a validation set. The experiment configuration and hyper-
parameter values for all baselines can be found in Aparco-
Cardenas et al. [2024]. It is important to highlight that all the
baselines start with | Z;,| = 5% x | Zp|, while active-DeepFA
starts with only | 21| = 1% x | Zp| and expands Z, through
active learning to reach | Z1,| = 5% x | Zp], thus they all end
up using the same number of labeled data.

The mean and standard deviation of both accuracy and
K across splits are shown in Table 7. It can be observed
that active-DeepFA achieves better generalization on the test
set for all seven datasets, showcasing the effectiveness of
combining supervised contrastive learning, active learning
and co-training.

4.4.1 Influence of supervised contrastive learning

The results suggest that supervised contrastive learning serves
as an effective weight initializer for DeepFA-based methods.
In this regard, we circumvent the requirement for pre-trained
encoders while reducing annotation costs by learning from
a reduced set of labeled samples, thus enabling the use of
non-pre-trained custom CNN architectures for DeepFA-based
methods as conf-DeepFA.

In stark contrast to the baselines that uniquely use super-
vised contrastive learning as a sort of pre-training step, we
further exploit it by incorporating it into the objective loss
function throughout the whole training process. This proce-
dure is enhanced by the dynamic labeled set, which is period-
ically expanded by active learning at regular epoch intervals.
These informative samples incrementally improve the low-
dimensional feature representations learned by the network
from the weighted supervised contrastive loss. Moreover,
the implementation of an additional projection head allows
the simultaneous minimization of the three losses — super-
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vised, semi-supervised and contrastive — thereby, boosting
the representation ability of the network as demonstrated in
the results. In contrast, the utilization of a single projection
head for both contrastive and classification tasks may inter-
fere with each other’s learning by overwriting the previously
updated weights.

The work by Wang et al. [2021] performs contrastive learn-
ing directly on the output representations of the last convolu-
tional layer, bypassing the use of a projection head. In this sce-
nario, the Euclidean distance is applied to a high-dimensional
space, making it susceptible to the curse of dimensionality,
which adversely impacts the quality of learned representa-
tions. On the other hand, the approach by Aparco-Cardenas
et al. [2024] employ a projection head to perform contrastive
learning, afterward a decision layer is attached on top of it
for downstream classification tasks. It should be noted that
this strategy may not be suitable for the concomitant learn-
ing of both contrastive and classification tasks due to weight
overwriting issues.

4.4.2 Influence of active learning

Most semi-supervised methods rely on a fixed reduced set of
labeled samples to train a network in conditions of labeled
data shortage. Previous DeepFA-based approaches also fol-
lowed this strategy [Benato et al., 2023; Aparco-Cardenas
et al., 2024, 2025]. This reduced set is often sampled ran-
domly and then submitted to an expert for labeling. However,
this sampling scheme overlooks the selection of informative
samples that could enhance the learning process while less-
ening the annotation workload. The active-DeepFA method
builds on this insight by systematically retrieving the sam-
ples whose pseudo-labels have the lowest labeling confidence
value, derived after label propagation by OPFSemi. These
samples exhibit the characteristic of being the most difficult
to classify. Figure 9 shows the heatmap of the labeling confi-
dence values following OPFSemi’s label propagation on the
2D projection of the Helminth egg’s output deep features. It
can be seen that samples whose pseudo-labels have the lowest
confidence values lie in decision boundary regions, where
samples of different classes are either in proximity or overlap-
ping. Therefore, it is reasonable to infer that these samples
contain meaningful information, which can be leveraged to
improve the generalization performance of the networks. This
assumption is validated by the results achieving better classi-
fication scores than its counterparts with the same amount of
labeled samples | 21| = 5% x |Zp].

Table 8 and Figure 10 display the test results for differ-
ent percentages of labeled data after the active learning ex-
pansion phase. It is observed that comparable results to
the baselines are attained with |Z;| = 2% x |Zp| for the
MSTAR and PneumoniaMNIST datasets, | Z1,| = 3% x | Zp|
for the Helminth larvae and Protozoan cysts datasets, and
|Z1| = 4% x | Zp| for the Helminth eggs, PathMNIST and
TissueMNIST datasets. Therefore, we show that the active
learning procedure effectively reduces the annotation effort
by requiring a smaller number of labeled samples to obtain
similar results to those of the baselines.

In addition, the recurrent expansion of the labeled set
through active learning has a critical impact on various com-
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Table 7. Test results of accuracy and « for baselines with |Z1,| = 5% x |Zp|.

Dataset
Helminth larvae  Helminth eggs  Protozoan cysts MSTAR PneumoniaMNIST ~ PathMNIST  TissueMNIST
accuracy  0.970 £0.022  0.906 +0.004  0.886 +0.013  0.849 +0.012 0.821 £+ 0.036 0.891 £ 0.018  0.594 £ 0.003

Method Metric

Wang et al. [2021]

K 0.878 £0.078  0.822 £0.006  0.806 £ 0.021  0.832 £ 0.014 0.581 £ 0.091 0.874 £0.021  0.481 £ 0.006

conf-DeepFA [2021b] accuracy  0.966 + 0.016  0.884 £ 0.010  0.799 £ 0.060  0.815 £ 0.030 0.804 £ 0.011 0.871 £ 0.005  0.498 £ 0.006
P K 0.867 £ 0.064  0.785 £0.024  0.663 £ 0.086  0.794 £ 0.034 0.538 £ 0.032 0.852 £ 0.006 0.368 £ 0.008
cont-DeepFA [2024] accuracy  0.976 £ 0.015  0.946 £0.005  0.922 £0.009  0.898 £ 0.024 0.830 £ 0.027 0.917 £0.007 0.594 £ 0.003
P K 0.889 £ 0.064  0.901 £0.009 0.870 £0.014  0.886 £ 0.027 0.603 £ 0.068 0.905 £+ 0.008  0.482 £ 0.003

. accuracy  0.992 £0.003  0.965 +0.004  0.962 + 0.009  0.966 & 0.004 0.910 £ 0.004 0.918 = 0.007  0.600 & 0.004
active-DeepFA (Ours) e

0.959 £ 0.013  0.937 £ 0.007  0.937 £ 0.015  0.962 £ 0.004 0.799 £ 0.010 0.906 £ 0.008 0.490 £ 0.007

Figure 9. Heatmap of the labeling confidence values after labeling propagation on the 2D projection of the Helminth eggs’s deep features via OPFSemi.
Left: the prototypes from ¢(Z,) are non-gray-colored with a different color per class, while samples from ¢(Z/) are gray-colored. Middle: result of label
propagation from ¢(Zy,) to ¢(Zy). Right: heatmap of the labeling confidence values, where blue-colored samples with the lowest labeling confidence
values lie close to decision boundary regions.
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Figure 10. Plots of the test results showing the mean and standard deviation of accuracy and « for active-DeepFA across different percentage values of
labeled data during active learning expansion.

Table 8. Test results of accuracy and « for active-DeepFA over different percentages values of labeled data during active learning expansion.

Dataset
Helminth larvae  Helminth eggs  Protozoan cysts MSTAR PneumoniaMNIST ~ PathMNIST  TissueMNIST
accuracy  0.953 £0.019  0.890 £0.027 0.897 £0.015  0.866 £+ 0.039 0.861 + 0.044 0.868 £ 0.006 0.531 £ 0.008

|ZL] Metric

2% x | Zp|

K 0.802 4+ 0.076  0.799 £0.048  0.829 £0.023  0.851 £ 0.044 0.680 = 0.111 0.849 4 0.007  0.391 & 0.022

3% x | Zp| accuracy  0.975£0.009  0.935+0.016 0.935+0.009 0.921 +0.019 0.871 +0.017 0.891 +£0.016 0.528 £ 0.025
¢ b K 0.889+0.042  0.880+0.032 0.881 £0.015 0.912 £ 0.021 0.706 £ 0.041 0.874 +£0.017 0.399 £ 0.023
4% x | Zp| accuracy  0.983 £0.005  0.954 +£0.004  0.949 £ 0.004  0.946 &+ 0.011 0.881 4 0.003 0.906 = 0.005  0.576 & 0.024
¢ b K 0922 +0.026 0915 £0.007 0.915£0.007 0.940 £0.012 0.732 £ 0.006 0.892 4+ 0.006 0.451 £ 0.039
5% x |Zp| accuracy  0.992 £0.003  0.965 + 0.004  0.962 + 0.009  0.966 + 0.004 0.910 £ 0.004 0.918 +0.007  0.600 + 0.004
070 b K 0.959 +0.013  0.937 £ 0.007  0.937 £ 0.015  0.962 + 0.004 0.799 £ 0.010 0.906 = 0.008  0.490 £ 0.007

ponents of the active-DeepFA method. The inclusion of  meaningful samples gradually boost the feature space learned
these meaningful samples incrementally enhance the low- by the classification projection head P,, which minimizes
dimensional space learned by the contrastive projection head ~ both Lg and £{7!. Furthermore, during the label propagation
P, via the minimization of £&, which consequently improves  phase, this set of samples compose the set of prototypes from
the representation ability of the encoder E. Moreover, these ~ which OPFSemi propagates the labels. This progressively
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improves the feature space of the encoder E as epochs evolve,
which is demonstrated by the results in Table 8.

4.4.3 Influence of cross-training

The integration of two collaborative networks within a co-
training scheme into the DeepFA framework plays a pivotal
role in mitigating confirmation bias and overfitting. This is
achieved by periodically exposing the networks to new infor-
mation through the mutual exchange of reliable pseudo-labels.
By doing this, the networks prevent overfitting the pseudo-
labels generated from the 2D projection of the output feature
space of their own encoders, which can be detrimental to the
learning process if the pseudo-labels are inaccurate. This is
revealed by the results in Table 7, where the methods that im-
plement this strategy — Wang et al. [2021], cont-DeepFA and
active-DeepFA — achieve better generalization performance
on the test set than conf-DeepFA, which trains the network
on the pseudo-labels generated from the 2D projection of its
own feature space.

During the active learning procedure, each network pro-
vides its own set of least-confident pseudo-labels. We capital-
ize on these two different views of the data by joining the sets
and selecting the most uncertain pseudo-labels, thus retriev-
ing more informative samples and enhancing the learning
process. Also, active-DeepFA presents an improvement in
terms of storage efficiency over its counterparts due to being
run in a single iteration and thus producing only two networks.
In contrast, Wang ef al. [2021] and cont-DeepFA generate a
number of networks equal to twice the number of iterations.

4.4.4 Influence of label propagation by OPFSemi

The performance of OPFSemi is boosted by conducting label
propagation on two distinct data representations derived from
the output feature space of the networks’ encoders. The peri-
odic exchange of the most reliable pseudo-labeled samples
between the networks improves the feature space as epochs
proceed. The 2D projection of this feature space progres-
sively exhibits more defined clusters comprising samples of
the same class (see Table 9). This provides suitable projec-
tion conditions for OPFSemi, enhancing the label propagation
procedure and yielding more accurate pseudo-labels. Table 9
shows the evolution of the encoder’s output feature space
for increasing values of percentages of labeled data as the
labeled set expands through active learning. It can be seen
that as epochs advance, samples of the same class (color)
form more separated and compact clusters, which improves
the classification metrics, as evidenced by the results in Ta-
ble 8. The aforementioned effect can also be attributed in
part to the samples periodically labeled by active learning
that act as prototypes. These samples are regarded as the
most difficult to classify and their 2D projections are in close
proximity to decision boundaries. Therefore, their inclusion
in the set of prototypes during label propagation encourages
the production of better-defined and more separated clusters.

In addition, the integration of the OPFSemi classifier in
the co-training setup, as implemented in both cont-DeepFA
and active-DeepFA, shows an improvement over the gener-
alization performance of Wang et al. [2021] (see Table 7),
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which conducts pseudo-labeling in a self-training way using
the same networks to assign pseudo-labels to the unlabeled
samples. This result reveals the effectiveness of OPFSemi
as an effective tool for label propagation, providing reliable
pseudo-labels in appropriate projection scenarios. Moreover,
the application of strong augmentations on the images from
the sets Zgl(*), * € {1, 2}, during the training of the networks
by minimizing £$$', acts as a key factor in achieving better
generalization ability. This is validated by the results shown
in Table 7.

4.5 Comparison with established DSSL bench-
marks

This section focuses on benchmarking active-DeepFA with
other established DSSL methods from the literature. We se-
lected seven widely adopted DSSL methods categorized into
three distinct groups based on their underlying solution strat-
egy: Pseudo-labeling: Pseudo-label[Lee ef al., 2013], Con-
sistency Regularization: 11-Model [Laine and Aila, 2017],
Mean Teacher [Tarvainen and Valpola, 2017], VAT [Miy-
ato et al., 2018] and UDA [Xie et al., 2020], and Hybrid:
FixMatch [Sohn ef al., 2020] and SimMatch [Zheng et al.,
2022]. We employ the Unified SSL Benchmark (USB) li-
brary [Wang et al., 2022b] that contains a PyTorch imple-
mentation of the aforesaid DSSL methods. All seven DSSL
methods use | 21| = 5% X | Zp| from the outset. In addition,
the labeled set Z;, is used as validation set since all methods
rely on it to select the best-performing model.

Table 10 shows the mean and standard deviation of both
accuracy and  for all seven methods. It can be observed that
active-DeepFA excels by consistently surpassing all its coun-
terparts in both metrics across the seven datasets. From Ta-
bles 8 and 10, it can be seen that with only | Z1 | = 3% x | Zp],
active-DeepF A — as with the baselines — achieves results com-
parable to those of the DSSL methods (which use 5%) for
most of the datasets, therefore further validating its efficacy
in reducing the annotation burden while attaining satisfactory
results.

In particular, active-DeepFA demonstrates evident supe-
riority over Pseudo-label, pointing that the meta-pseudo-
labeling approach within a teacher-student setting enhances
the conventional self-training pseudo-labeling scheme where
the network itself assigns pseudo-labels to unlabeled data.
Also, this result supports the role of the OPFSemi classifier
as teacher within the teacher-student paradigm. On the other
hand, consistency regularization-based methods improve the
results achieved by Pseudo-label across all seven datasets,
suggesting that incorporating data augmentation techniques
and consistency constraints into the objective loss function
could further improve the effectiveness of our method. It can
also be noted that FixMatch, a hybrid approach that lever-
ages on both self-training pseudo-labeling and consistency
regularization, achieves consistent results across all datasets,
thus suggesting that incorporating a teacher (e.g., OPFSemi)
within a teacher-student setup could enhance its overall per-
formance. Similarly, SimMatch achieves the most compet-
itive performance among all evaluated DSSL methods, un-
derscoring the strength of such frameworks. The comparison



Co-Training with Active Contrastive Learning and Meta-Pseudo-Labeling
on 2D Projections for Deep Semi-Supervised Learning

Aparco-Cardenas et al. 2026

Table 9. Evolution of the 2D projection of the output deep features of encoder F across incremental values of percentages of labeled data as

the labeled set expands through active learning.

Dataset

2% x | Zp|

Helminth larvae
(2 classes)

Helminth eggs
(9 classes)

Protozoan cysts
(7 classes)

MSTAR
(10 classes)

PneumoniaMNIST
(2 classes)

PathMNIST
(9 classes)

TissueMNIST
(8 classes)

between active-DeepFA and Mean Teacher, another teacher-
student-based approach, highlights the superiority of teacher-
student-based pseudo-labeling within a co-training setting.
The active-DeepFA method invariably demonstrates superior
performance over its consistency regularization counterparts,
further substantiating its effectiveness and validating the effi-
cacy of the proposed active learning strategy. An additional
point to emphasize is that the unbalanced composition of the
datasets coupled with the pronounced similarity among cer-

tain classes — particularly between impurities and parasites
for the first three datasets — can account for the divergence
observed across the results produced by different methods. In
this context, active-DeepFA proves its robustness and flexi-
bility in addressing new data yielding consistent performance
across all seven datasets.
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Table 10. Test results of accuracy and « for established DSSL methods with |Z1,| = 5% x |Zp|.

. Dataset

Method Metric
Helminth larvae  Helminth eggs  Protozoan cysts MSTAR PneumoniaMNIST ~ PathMNIST  TissueMNIST
Pseudo-label [2013] 29Uy 09600010 09160008  0.903£0011 07580015 08380012 0.854+0004 0.563 +0.020
seudo-labe K 0.811 +£0.057  0.850 = 0.008 0.836£0.023 0.730 £0.017  0.613+0.030  0.833 £0.005 0.453 £ 0.011
-Model [2017] accuracy  0.962 £ 0.020  0.922 +£0.003 0912+ 0.009 0.763 £0.021  0.839+0.014  0.833+£0.015 0.568 = 0.013
K 0.836£0.081  0.855+0.004 0.853+£0.016 0.736+0.023  0.618£0.035  0.808 £0.017 0.455 % 0.015
Mean Teacher [2017]  2CUrCY 09690009 0.928+0017  0.90640003 07580020  0.844£0016 0847 £0011 0.562+0017
K 0.860 = 0.037  0.870 +0.033  0.843 £0.005 0.730 £0.023  0.630 +£0.043  0.824 +0.013 0.450 & 0.021
VAT [2018] accuracy  0.965 +0.006  0.933+£0.013  0.9124+0.010 0.749+£0.040  0.862+0.016  0.850 +0.024 0.569 == 0.012
K 0.844 £0.031  0.880+£0.021 0.854+£0.018 0721 £0.044  0.679£0.044  0.829 £0.028 0.456 + 0.012
UDA [2020] accuracy  0.966 + 0.009  0.933 £0.002 0.914 +0.004 0.799 £0.031  0.872+0.031  0.858 £ 0.007 0.597 = 0.006
K 0.851 £0.033  0.880 +-0.003  0.857+£0.007 0.777 +£0.034  0.705+£0.078  0.837 +0.008 0.483 % 0.003
FixMatch [2020] accuracy  0.968 +0.015  0.925+£0.011 0914 4+0.006 0.793 £0.017  0.889+0.016  0.884 +0.020 0.579 == 0.019
K 0.857 £0.060 0.862+0.020 0.856+0.011 0769 +0.019  0.750 £0.040  0.867 £ 0.023 0.475 + 0.012
SimMatch [2022] accuracy  0.988 + 0.001 0916+ 0.018 0.927 +£0.005 0.843 £0.039  0.900+0.009  0.888 £ 0.014 0.596 = 0.002
K 0.945 £ 0.004  0.850 +0.033  0.881 £ 0.004 0.823 +0.048  0.779+£0.020  0.889 & 0.008 0.488 + 0.010
active-DecpFA (Ours)  2SCUCY  0-992:50.003  0.965-+0.004  0.962=0.009  0.966=0.004  0.9100.004  0.918 - 0.007 0.600 - 0.004
ctve-Leep urs K 0.959 £ 0.013 0937 +0.007 0.937+£0.015 0962+ 0.004  0.799 £ 0.010  0.906 + 0.008 0.490 = 0.007

5 Final Remarks

In the present work, we introduced active-DeepFA, an ac-
tive contrastive-based meta-pseudo-labeling approach that
follows a teacher-student paradigm within a co-training setup.
It enables the training of non-pre-trained custom CNN archi-
tectures for image classification in conditions of short supply
of labeled and abundance of unlabeled data. It achieves this
by incorporating deep feature annotation (DeepFA) into a
cross-training procedure that implements two collaborative
networks, which in turn minimize an objective loss function
comprising three components: 7) a weighted supervised con-
trastive loss, ii) a supervised loss, and iif) a semi-supervised
loss. Label propagation via OPFSemi and labeled set ex-
pansion by active learning are performed at regular epoch
intervals. Then, the most reliable pseudo-labels are submitted
to the networks for retraining in a cross-training manner, mit-
igating confirmation bias and overfitting while improving the
networks’ generalization performance as epochs proceed. The
active-DeepFA method capitalizes on supervised contrastive
learning to enhance the networks’ representation ability and
to eliminate the requirement for pre-trained CNN architec-
tures. It leverages active learning by periodically retrieving
the most uncertain/informative samples identified through
label propagation and submitting them to an oracle for an-
notation. This labeled set expansion has a critical impact
on the three components of the objective loss function. The
expanded labeled set improves the training set for both super-
vised contrastive and supervised learning. Also, it enhances
the set of prototypes for label propagation via OPFSemi gen-
erating more reliable pseudo-labels and thus boosting semi-
supervised learning. We assessed active-DeepFA on seven
challenging image datasets from three different domains. The
labeled data scarcity scenario is emulated by randomly la-
beling only 1% of the samples of each dataset in a stratified
fashion. The labeled set is incrementally expanded at regu-
lar epoch intervals through active learning until 5% of the
dataset is labeled. We also evaluated active-DeepFA with in-
termediate percentage values of expanded labeled data during
the active learning procedure. The active-DeepFA method is
compared to three direct baselines and to seven other well-

established DSSL methods that fall into three different cat-
egories according to their solution approach. Our method
notably improves its baselines and outperforms most of the
DSSL methods across all seven datasets with 5% of labeled
data, thus demonstrating its effectiveness and robustness. On
the Helminth larvae, PathMNIST, and TissueMNIST datasets,
active-DeepFA shows results comparable to SimMatch, indi-
cating that its performance gain narrows in cases where the
dataset is substantially larger or complex. Furthermore, it
achieves comparable results to those of its counterparts with
a lower percentage of labeled data, proving their efficacy in
reducing the annotation effort while achieving satisfactory
results.

As future work, we intend to improve the results here pre-
sented by incorporating data augmentation strategies and con-
sistency constraints into the objective loss function to enhance
the generalization performance of the models and further re-
duce the quantity of labeled data to yield satisfactory results.
Moreover, we plan to replace t-SNE’s 2D projection with
the low-dimensional output of a projection head to make the
method faster.

Since the proposed method relies on 2D projections of
the data, it naturally enables the integration of interactive
active learning. By visualizing the projected samples, prac-
titioners can directly inspect the distribution of labeled and
unlabeled data, identify uncertain or informative instances,
and guide the annotation process in a more intuitive manner.
This interactive component has the potential to further reduce
annotation effort, as experts can leverage visual cues to select
samples that maximize the impact on model performance.

Another promising direction is to explore the integration
of self-supervised approaches, which have recently shown
strong performance in reducing the gap with supervised meth-
ods. While these models typically rely on large collections of
unlabeled data and substantial computational resources, their
adaptation to domains with limited and specialized datasets,
such as medical and biomedical imaging, represents an excit-
ing avenue for future research.
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