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We propose a novel bio-inspired two-stage semi-supervised learning approach for training semantic segmentation
models based on downsampling-upsampling architectures. The first stage does not use backpropagation. Rather,
it exploits the Hebbian principle “fire together, wire together” as a local learning rule for updating the weights
of both convolutional and transpose-convolutional layers, allowing unsupervised discovery of data features. In
the second stage, the model is fine-tuned with standard backpropagation on a small subset of labeled data. We
evaluate our methodology through experiments conducted on several widely used biomedical datasets, deeming

that this domain is paramount in computer vision and is notably impacted by data scarcity. Results show that
our proposed method outperforms SOTA approaches across different levels of label availability. Furthermore, we
show that using our unsupervised stage to initialize the SOTA approaches leads to performance improvements.
The code to replicate our experiments can be found at https://tinyurl.com/hebbian-semantic-segmentation.

1. Introduction

Semantic segmentation in biomedical images assigns pixel-level
class labels to structures like cells, tumors, and lesions, playing a key
role in automating computer-aided diagnoses. Recent data-driven deep-
learning approaches using CNNs and Transformers have shown excel-
lent results (Cao et al., 2023; Chen et al., 2017; Hatamizadeh et al.,
2022; Long et al., 2015; Milletari et al., 2016; Ronneberger et al.,
2015; Xie et al., 2021). However, these methods demand extensive an-
notated data for supervised backpropagation-based training, which re-
stricts their large-scale application despite their significance in computer
vision (Basak et al., 2022; Cicek et al., 2016; Isensee et al., 2020; Karimi
et al., 2023; Valanarasu et al., 2021, 2022).

Nevertheless, integration between biological mechanisms and deep
learning (BIDL) seems a promising direction, tackling not only the sub-
stantial demand for data but also allowing complex neural computa-
tion with extreme energy efficiency (Schuman et al., 2022; Shrestha
et al., 2022). In particular, the so-called Hebbian principle represents
a simple local learning rule that closely mimics the synaptic adapta-
tions of brain mechanisms (Gerstner & Kistler, 2002; Haykin, 2009; La-
gani et al., 2023), offering an appealing and still relatively unexplored
solution for extracting data features without relying on supervised back-
propagation and on the availability of large labeled datasets. Different
Hebbian learning strategies involving Soft-Winner-Takes-All (SWTA)
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(Krotov & Hopfield, 2019; Lagani et al., 2022a; Moraitis et al., 2022),
or Principal Component Analysis (HPCA) (Bahroun & Soltoggio, 2017;
Lagani et al., 2021; Pehlevan et al., 2015), allow a group of neurons
to discover unsupervised features from a set of data such as clusters
or principal components, and can be used to fulfill unsupervised and
semi-supervised learning strategies coming to the rescue to mitigate data
scarcity issues.

In this work, we introduce a two-stage semi-supervised biologically-
inspired learning approach for semantic segmentation in biomedical im-
ages (Fig. 1). In the first stage, we exploit a set of unlabeled data to per-
form unsupervised pretraining of standard semantic segmentation mod-
els based on downsampling-upsampling architectures, using the Heb-
bian learning principle implemented with different strategies. In the sec-
ond step, we use these weights to initialize the model and fine-tune it
through standard backpropagation supervised training on a few labeled
data samples. Specifically, during the unsupervised round, we employ
Hebbian learning rules in standard convolutional layers in the downsam-
pling path and—for the first time—for transpose-convolutional (T-Conv)
layers used for upsampling the feature maps.

We perform an experimental assessment of our methodology over
three public datasets widely used in the context of medical 2D im-
age segmentation (Basak et al.,, 2022; Karimi et al., 2023; Vala-
narasu et al., 2021, 2022) showcasing different imaging modalities
and segmentation tasks, i.e., GlaS (Sirinukunwattana et al., 2017) for
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Fig. 1. Our semi-supervised, bio-inspired approach for semantic segmentation models with downsampling-upsampling architectures. The method unfolds in two
stages. First, we employ Hebbian learning for unsupervised pre-training on a large set of unlabeled data, enabling the model to autonomously identify features
like cluster centroids. Notably, we derive new Hebbian learning rules for the transpose-convolution layers in the upsampling path. In the second stage, we apply

supervised backpropagation to fine-tune the model using a small labeled dataset.

colorectal cancer segmentation in Hematoxylin and Eosin (H&E) stained
histological images, PH2 (Mendongca et al., 2013) for skin lesion seg-
mentation in dermoscopic images, and HMEPS (Mazziotti et al., 2021)
for eyes pupil segmentation in grayscale images. Moreover, we also
conduct an analysis using the LA (Xiong et al., 2021) dataset for left
atrial segmentation in MRIs, thus extending our method to volumetric
images. We compare our approach against several SOTA single-stage
semi-supervised approaches relying on pseudo-labeling and consistency
training (Chen et al., 2021; Luo et al., 2021, 2022; Ouali et al., 2020; Vu
et al., 2019; Yu et al., 2019), as well as some other two-stage pipelines
exploiting Variational Auto-Encoders (VAEs) (Kingma & Welling, 2014)
and different paradigms of Self-Supervised Learning (SSL) (Ouyang
et al.,, 2020; Perez-Garcia et al., 2025) for the unsupervised step,
alongside a bio-inspired model based on spiking neural networks (Kim
et al., 2022). The outcomes demonstrate that our approach can sub-
stantially improve performance, considering various label scarcity con-
ditions. Furthermore, we show that using our unsupervised Hebbian
stage to initialize the SOTA single-stage approaches yields further
improvements.
Concretely, our contributions are the following:

e We propose a novel semi-supervised two-stage pipeline for se-
mantic segmentation, where a first unsupervised stage relying on
the bio-inspired Hebbian principle is followed by a second su-
pervised step that fine-tunes the model on a few labeled data
samples.

e We validate our methodology on several public biomedical imag-
ing benchmarks, demonstrating that our technique can substantially
improve performance compared to SOTA methods across different
degrees of label availability.

e We conduct a further experimental analysis by initializing existing
SOTA semi-supervised approaches with our Hebbian unsupervised
pre-training, showing performance improvements.

This work extends our previous workshop paper (Ciampi et al., 2024)
that introduced the early-stage methodology and preliminary results.
We significantly expand upon it in several directions by (i) formulating
more advanced Hebbian learning rules specifically designed for T-Conv
layers; (ii) conducting experiments on additional datasets and compar-
ing our approach against a broader range of state-of-the-art methods;
(iii) leveraging our unsupervised stage to initialize SOTA approaches,
demonstrating performance improvements; and (iv) providing extensive
ablation studies, as well as additional background and analysis, to offer
a more comprehensive understanding and validation of the proposed
approach.

We organize the rest of the paper as follows. In Section 2, we re-
view related work. Section 3 provides a brief background on Hebbian
learning. In Section 4, we describe our methodology, while Section 5
presents the experiments, discusses the results, and includes ablation
studies to validate our approach. Finally, Section 6 concludes the paper.
Additionally, Appendices A, B, C, D, and E provide further details on the
background of Hebbian learning, Hebbian feature vectors latent space
visualization, implementation details, additional experiments, and ad-
ditional qualitative results, respectively.

2. Related works
2.1. Deep learning bio-inspired approaches

Recent Deep Learning (DL) models have achieved remarkable success
across various tasks (Ciampi et al., 2022; Devlin et al., 2019; Dosovit-
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skiy et al., 2020). However, key challenges remain, including the sub-
stantial demand for data (Roh et al., 2021) and energy (Badar et al.,
2021). In contrast, biological intelligence appears to overcome these
limitations (Javed et al., 2010; Lake & Piantadosi, 2020), suggesting
that a tighter integration between biological mechanisms and DL (Bio-
Inspired DL - BIDL) could be a promising direction (Hassabis et al., 2017;
Lake et al., 2017). BIDL encompasses two complementary dimensions:
the architecture and the learning algorithm. Regarding architectures,
Spiking Neural Networks (SNNs) (Goltz et al., 2021; Lee et al., 2020;
Wau et al., 2019; Zhou et al., 2021) model neural computation in a way
that more closely resembles biological neurons. Unlike conventional ar-
chitectures such as Convolutional Neural Networks (CNNs), which rely
on continuous-valued activations and synchronous processing, SNNs op-
erate using discrete spike events and asynchronous dynamics, enabling
temporal coding and event-driven computation. In particular, neuro-
morphic hardware implementations based on SNNs offer complex neural
computation with exceptional energy efficiency (Schuman et al., 2022;
Shrestha et al., 2022; Wang et al., 2022), and recently SNNs have been
successfully applied for computer vision tasks such as semantic segmen-
tation (Kim et al., 2022; Lei et al., 2025; Patel et al., 2021; Yue et al.,
2023). The other crucial aspect of BIDL pertains to learning algorithms.
Conventional DL models rely on backpropagation. SNNs are fundamen-
tally incompatible with backpropagation due to the non-differentiable
nature of spike-based communication; for this reason, surrogate gra-
dient methods are often employed. However, neither backpropagation
nor surrogate gradient methods are biologically plausible and, conse-
quently, alternative learning strategies inspired by biological synaptic
plasticity have gained traction. Specifically, Hebbian learning (Gerstner
& Kistler, 2002; Haykin, 2009; Journé et al., 2023; Lagani et al., 2021,
2022a) provides a biologically plausible alternative for learning in con-
ventional DL systems (Bahroun & Soltoggio, 2017; Ciampi et al., 2024;
Journé et al., 2023; Krotov & Hopfield, 2019; Lagani et al., 2022a,b;
Moraitis et al., 2022) and its computational efficiency has already been
analyzed in prior works (Gupta et al., 2022; Lagani et al., 2024, 2022b).
In spiking architectures, a related mechanism is Spike-Timing Depen-
dent Plasticity (STDP) (Bi & Poo, 1998), which updates synaptic weights
based on the relative timing of spikes. In this work, we focus on the
learning algorithm aspect and specifically investigate Hebbian learning
applied to conventional neural architectures for semantic segmentation.

2.2. Semi-supervised semantic segmentation

The widespread adoption of deep learning has led to the extensive uti-
lization of CNNs and Transformers in the realm of semantic segmenta-
tion, such as FCN (Long et al., 2015), SegNet (Badrinarayanan et al.,
2017), and DeepLabV3 (Chen et al., 2017). Concerning biomedical im-
ages, UNet-like architectures have emerged to be the most efficient and
performing ones (Cao et al., 2023; Cicek et al., 2016; Hatamizadeh et al.,
2022; Isensee et al., 2020; Milletari et al., 2016). To address the primary
limitation of these approaches—namely, the limited availability of la-
beled data—semi-supervised techniques offer a promising solution. This
paradigm aims to extract knowledge from a vast pool of unlabeled data
in combination with supervised learning on a few labeled samples (Ben-
gio et al., 2006; Larochelle et al., 2009).

Single-stage approaches. Dominant semi-supervised strategies include
single-stage approaches categorized as (i) pseudo-labeling, where the
model computes an auxiliary loss generating pseudo-targets associated
with the unlabeled data, and (ii) consistency training, where the model
is fed with different perturbed versions of a given input and is enforced
to generate similar predictions associated to them, constructing an ad-
ditional loss satisfying this consistency criterion (Chen et al., 2021;
Luo et al., 2021, 2022; Ouali et al., 2020; Vu et al., 2019; Yu et al.,
2019). ADVENT (Vu et al., 2019) is a pseudo-labeling approach that
uses predictions of the network itself as pseudo-labels for unlabeled
samples, minimizing the entropy of the output probability distribution.
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Uncertainty-Aware Mean Teacher (UAMT) (Yu et al., 2019) follows a
student-teacher architecture in which the student model learns progres-
sively from the teacher model’s reliable predictions. The teacher model
not only generates target outputs but also assesses the uncertainty of
each prediction using Monte Carlo sampling. Cross-Consistency Training
(CCT) (Ouali et al., 2020) is a consistency-based method that generates
different predictions by applying various perturbations to the latent rep-
resentation generated by the model from a given unlabeled input. A loss
term encourages the model to align predictions from different perturba-
tions. A more recent consistency-based approach is Uncertainty Recti-
fied Pyramid Consistency (URPC) (Luo et al., 2022) which learns from
unlabeled data by minimizing the discrepancy between a set of segmen-
tation predictions at different scales. Conversely, Cross Pseudo Supervi-
sion (CPS) (Chen et al., 2021) enforces consistency between two segmen-
tation networks with different initializations for the same input image.
Each network generates a pseudo-one-hot label map, which is then used
to supervise the other network through a standard cross-entropy loss.
Instead, the authors in (Luo et al., 2021) proposed a Dual-Task Consis-
tency (DTC) framework that jointly predicts a pixel-wise segmentation
map and a geometry-aware level set representation of the target.

Two-stage approaches. An alternative semi-supervised approach in-
volves an initial unsupervised training phase on unlabeled data, fol-
lowed by fine-tuning on labeled samples (Bengio et al., 2006; Kingma
et al., 2014; Larochelle et al., 2009; Zhang et al., 2016). Specifically,
during the second stage, a semantic segmentation branch is trained
on top of the features learned in the unsupervised phase. Techniques
commonly used during the unsupervised phase include Variational Au-
toencoders (VAEs) (Kingma & Welling, 2014) and different paradigms
of Self-Supervised Learning (SSL) (Ouyang et al., 2020; Perez-Garcia
et al., 2025). Belonging to the latter category, (Ouyang et al., 2020)
proposes a segmentation framework for medical imaging that relies on
superpixel-based pseudo-labels. On the other hand, RAD-DINO (Perez-
Garcia et al., 2025), along with other works such as UNI (Chen et al.,
2024) and Prov-GigaPath (Xu et al., 2024), exploits the generaliza-
tion capabilities of DINO-based (Caron et al., 2021) feature extrac-
tors to achieve state-of-the-art performance across a variety of down-
stream tasks, positioning these models as emerging foundation models
in the biomedical domain. Similarly, Hebbian learning can also be em-
ployed in a two-stage fashion, where unsupervised pretraining based
on biologically inspired local learning rules precedes task-specific fine-
tuning. While Hebbian learning-based pretraining has previously been
applied to image classification (Lagani et al., 2021), the use of Heb-
bian rules for weight updates in T-Conv layers has been largely unex-
plored and was only introduced in a preliminary form in our previous
paper (Ciampi et al., 2024). Compared to traditional backpropagation-
based approaches—such as those previously mentioned, including self-
supervised learning, contrastive learning, pseudo-labeling, VAE-based,
or DINO-based methods—Hebbian pretraining introduces a distinctive
inductive bias rooted in biologically plausible mechanisms. Specifically,
Hebbian synaptic dynamics enable layer-wise local weight updates, al-
lowing each layer to learn independently of global error signals. This
local learning paradigm fosters the emergence of structured represen-
tations aligned with clustering and pattern discovery principles. These
properties make Hebbian learning particularly suitable for semantic seg-
mentation, where spatial coherence and pixel-level class consistency are
essential.

3. Background

This section provides a brief background about Hebbian learning rules
for training artificial networks. More details can be found in Appendix A.

Neuroscientists formulated the plasticity occurring in synapses con-
necting different brain neurons proposing the Hebbian principle “fire
together, wire together”. Essentially, it is grounded on the biological ob-
servation that neurons tend to strengthen their connections with other
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Fig. 2. Building blocks for Hebbian learning. Hebbian updates are computed
from the difference between a target signal s and a reconstructed signal s s, and
a gating signal g which modulates the update steps g. Gating and reconstruction
signals are, in turn, derived from outputs and weights through the respective
blocks.

neurons when their activities are correlated, or to weaken their cou-
plings otherwise (Gerstner & Kistler, 2002). Mathematically, this be-
havior can be modeled by a simple learning rule implemented as fol-
lows (Haykin, 2009):

Aw,’,j =nYy; (x; — wi,j)» (€9)]

where x; is the input stimulus delivered from neuron i to neuron j, y;
is the output of neuron j, w;; are the weights connecting a neuron i
and a neuron j, Aw, ; is the weight update computed by the learning
rule, and # is the learning rate. The intuition behind this learning rule
is that if a neuron is exposed to a set of inputs, the weight vector moves
toward the centroid of the cluster formed by those inputs and the neuron
becomes a detector of such a pattern (Grossberg, 1991; Haykin, 2009;
Lagani et al., 2022a; Rumelhart & Zipser, 1985). Different formulations
of this rule led to the Soft-Winner-Takes-All (SWTA) and the Hebbian
Principal Component Analysis (HPCA) techniques.

Soft-Winner-Takes-All (SWTA). The authors of Grossberg (1991),
Rumelhart and Zipser (1985) proposed the idea of competitive learn-
ing, to allow a set of neurons to specialize on different patterns: this
is achieved by assigning higher weight updates to those neurons that
best match the current input. Specifically, recent work (Lagani et al.,
2021; Moraitis et al., 2022) demonstrated the effectiveness of Soft-
Winner-Takes-All (SWTA) learning, i.e., a form of soft competition
where neurons take update steps proportional to the softmax of their
outputs:

Aw; ; = nsoftmax(yy, yy, ...); (x; — w; ;). @

Vil
Xy ekl
parameter to tune the sharpness of the softmax operation (r — 0
is equivalent to single WTA competition, while 7 — inf means no
competition).

where softmax(y, y,,...); = and ¢ is the temperature hyper-

Hebbian Principal Component Analysis (HPCA). The authors of Becker
and Plumbley (1996), Karhunen and Joutsensalo (1995), Pehlevan et al.
(2015), Sanger (1989) modeled lateral connectivity patterns observed
in the brain (Luo, 2021; Pehlevan et al., 2015) and, from this model,
they derived a new learning rule where contributions from neighboring
neurons appear in the weight update of each neuron:

J
Aw;; =ny;(x; - Z VWi g)- 3
k=1

This formulation can be shown to be equivalent to Principal Compo-
nent Analysis (PCA) (Becker & Plumbley, 1996; Karhunen & Joutsen-
salo, 1995; Sanger, 1989): by following this learning rule, the weight
vectors of different neurons align towards the directions of the princi-
pal components of the data, in an efficient and biologically plausible
fashion.
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4. Method

4.1. Problem formulation

We assume to have a dataset X = X; U X, where X; = {(x,-,y,-)}:iL1 is
the labeled subset including images x; and corresponding pixel-wise la-
bels y;, and &y = {(x j)};\iUl is the unlabeled subset containing only im-
ages x;. We also assume to be in typical semi-supervised settings, i.e.,
N; < Ny and X; n Xy = #. Furthermore, we define an r %-regime as
T;O | X, |, outlining several levels of label availability from X, for the su-
pervised training. We formulate a semi-supervised learning pipeline for
semantic segmentation based on two steps (Fig. 1). In the first stage, un-
supervised pre-training is performed using Hebbian learning algorithms
on Xy. Then, in the second stage, the model is fine-tuned via standard
backpropagation on X, across different label regimes r, using the stan-
dard cross-entropy loss.

4.2. Hebbian learning for T-Conv layers

Neural networks for semantic segmentation are usually characterized by
encoder-decoder architectures, where a downsampling path responsible
for computing image features is followed by an upsampling path that
restores the spatial dimensions to make predictions pixel-wise (Badri-
narayanan et al., 2017; Chen et al., 2017; Long et al., 2015). Specifically,
UNet-like architectures (Ronneberger et al., 2015) have emerged to be
the most efficient and performing models for semantic segmentation in
biomedical images (Cao et al., 2023; Cicek et al., 2016; Hatamizadeh
et al., 2022; Isensee et al., 2020; Milletari et al., 2016). Here, convo-
lutional layers make up the encoding stage, while the decoding step
usually relies on T-Conv layers (Long et al., 2015) which are in general
preferable compared to the combination of convolutional layers and in-
terpolation (Dumoulin & Visin, 2016). As shown in Section 3, Hebbian
learning strategies enable the unsupervised discovery of data features
such as cluster centroids, and they have successfully been adopted in
convolutional and fully-connected layers (Journé et al., 2022; Lagani
et al., 2024, 2022b; Moraitis et al., 2022). However, a Hebbian theory
for T-Conv layers is lacking, (it was only introduced in a preliminary
form in our previous paper (Ciampi et al., 2024)). In this section, we
illustrate our contributions to fill this gap.

Building blocks of Hebbian learning. For convenience, we decompose the
Hebbian learning rules previously described in Eq. (2) and Eq. (3) into
three basic building blocks, depicted in Fig. 2. The first block is a gating
function y(y), which provides a factor to modulate the size of the update
steps based on the neurons’ outputs. It corresponds to y(y) = softmax(y)
(the softmax function) for SWTA, and y(y) = y (the identity function) for
HPCA, respectively. The second block is a reconstruction function p(y, w),
which aims at reconstructing the neurons’ input, given their activations
and weights. It performs the following computations: first, the activation
feature map undergoes a transformation that depends on whether we are
performing SWTA or HPCA; then, a matrix multiplication of the result
by the transposed weight matrix is performed. Concerning the first step,
focusing on neuron j, the transformation corresponds to setting the j-th
channel to 1 and the others to 0, in the case of SWTA, or to the iden-
tity for the first j channels and O for the others, in the case of HPCA.
This leads to p(y,w); ; = w; ; for SWTA, and p(y,w); ; = ZLI yyw; for
HPCA, respectively (with indexes i and j running over all inputs and
outputs). The third block is the Hebbian plasticity function, which com-
putes a weight update, given the following three signals as inputs: (i) a
target signal (corresponding to the variable x,), from which we want to
discover patterns; (ii) a reconstruction signal, derived from the internal
representation of the neural layer through the reconstruction block; (iii)
a gate, derived from the neurons’ activations through the gating block,
that modulates the length of the weight update step.

The weight update follows the direction of the difference between
the target and reconstructed signals. Calling s the target signal, s * the
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(a) Hebbian update computation in a stan-
dard convolutional layer, mapping an upsam-
pled feature map to a downsampled one. A
patch from the upsampled map serves as the

target signal, while the gate and reconstruction
signals are derived from a patch of the down-
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(b) Naive extension of Hebbian update com-
putation to T-Conv layers: as before, a patch
from the upsampled map serves as the target
signal, while the gate and reconstruction sig-
nals are derived from a patch of the downsam-
pled map via their respective blocks.
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(c) Our formulation of Hebbian update com-
putation for T-Conv layers: a patch from the
downsampled map serves as the target signal,
while the gate and reconstruction signals are
derived from a patch of the upsampled map
via a gating block and a custom-designed re-

sampled map via their respective blocks.

construction block.

Fig. 3. Hebbian learning in convolutional and transpose-convolutional layers.

reconstruction, and g the gate, a general Hebbian learning rule can be
written as:

Aw;; =ng;(s; — s;}.). (C)]

In this newly introduced notation, s; corresponds to x;, s to p(y, w);,
and g; to y(y);, respectively.

Patch-wise Hebbian learning and the shape mismatch problem. Let us in-
stantiate Eq. (4) in the specific case of standard convolutional layers.
Let us refer to the feature map before the convolution as the upsam-
pled feature map and to the feature map after the convolution as the
downsampled feature map. In the convolutional case, Hebbian updates
are obtained by processing the input patch-wise, as shown in Fig. 3a.
In particular, the target signal corresponds to patches from the upsam-
pled feature map, while reconstruction and gating terms are obtained
from patches of the downsampled feature map through the respective
blocks.

However, for T-Conv layers, we have a downsampled feature map
before the layer and an upsampled feature map afterward. Simply ap-
plying the Hebbian learning rules in this scenario is not possible due to
a shape mismatch problem in the reconstruction block: the latter block
transforms downsampled feature maps to upsampled feature maps, but
this is not compatible with T-Conv layers, where we need instead to
transform an upsampled feature map into a downsampled reconstruc-
tion. In order to solve this issue, we identified two possible strate-
gies, which are shown in Fig. 3b and Fig. 3c and described in the
following.

First strategy: SWTA-S, HPCA-S. The first strategy is to exchange the
role of downsampled and upsampled feature maps in the learning equa-
tions so that the same building blocks of Hebbian learning for standard
convolutional layers can be reused in a different fashion. Specifically,
as before, we use patches from the upsampled feature map as the target
signal, while reconstruction and gating terms are computed from the
corresponding patches in the downsampled feature map through the re-
spective blocks. This methodology for applying Hebbian learning in T-
Conv layers is straightforward because it allows us to simply reuse the
same building blocks in Fig. 2 in these new settings. For this reason, we
call the resulting learning methodologies following this Straightfarward
extension as SWTA-S and HPCA-S.

Second strategy: SWTA-TSA, HPCA-TSA. A drawback of the previous for-
mulation is that the relationships with the unsupervised feature extrac-
tion principles that underlie the Hebbian pattern discovery processes

(i.e., clustering for SWTA and PCA for HPCA) are lost. In fact, we are
treating upsampled and downsampled feature maps as we would do for
an ordinary convolutional block, although the relationship between in-
puts and outputs is reversed: the upsampled feature map is now the
output of the neurons, and the downsampled feature map is the input.

Therefore, we also investigate a second strategy for applying Heb-
bian learning in T-Conv layers, where the reconstruction block is ap-
propriately redesigned, in order to address the shape mismatch issue. In
this case, as shown in Fig. 3¢, the downsampled feature map is treated as
the target signal, while reconstruction and gating terms are computed
from the upsampled feature map. We introduce a new reconstruction
block p*(y, w) which performs the following computations: (i) apply a
different transformation to the upsampled feature map, depending on
whether we are performing HPCA or SWTA; (ii) extract patches at dif-
ferent offsets from the resulting feature maps, with the desired size,
stride, etc. (also known as unfolding); and (iii) perform matrix multi-
plication between the (vectorized) patches and the weight matrix. The
transformations mentioned in step (i) are as follows: concerning neu-
ron j, in the case of SWTA, set the j-th channel to 1 and the rest to 0;
in the case of HPCA, the transformation is the identity for the first j
channels and set the others to 0. Steps (ii) and (iii) are also equivalent
to—and can be implemented efficiently as—an ordinary convolution.
From now on, we call this Transposed-Structure-Aware (TSA) formula-
tion of SWTA and HPCA to T-Conv layers as SWTA-TSA and HPCA-TSA,
respectively.

In the experimental section, we focus on SWTA-based methods,
which empirically lead to better results. Indeed, for semantic segmen-
tation tasks where pixel-wise classification is required, clustering can
be a good proxy for unsupervised class discovery in the observed ten-
sors, therefore representing a promising inductive bias for successive
fine-tuning. Specifically, we consider the setting involving SWTA-TSA,
which resulted in the best-performing solution. However, we also report
an ablation study over the different learning models (SWTA-S, HPCA-S,
SWTA-TSA, HPCA-TSA) in Section 5.4.

5. Experimental evaluation
5.1. Datasets and evaluation metrics

We assess our proposed approach on three public datasets widely used
in the 2D biomedical image segmentation literature (Basak et al., 2022;
Karimi et al., 2023; Valanarasu et al., 2021, 2022) featuring different
imaging modalities and segmentation tasks (see Table 1 and the follow-
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Table 1
Summary of datasets. We report some statistics, an image sample, and, in the
last row, the associated targets exploited during the supervised training step.

GlaS [25] PH2 [26] HMEPS [27]
Images 165 200 11,897
Size (px) 775%x522 768%x560 128%128
Segm. Task Colorectal Cancer  Skin Lesion Eye Pupil

Sample

Target

ing text for further details). Additionally, experiments on two further
public datasets are reported in Appendix D.

Glas$ (Sirinukunwattana et al., 2017). The Gland Segmentation in Colon
Histology Images Challenge (GlaS) dataset includes 165 (H&E) stained
histological 775 x 522 images of colorectal adenocarcinoma, of which
80 for training and 85 for testing.

PH2 (Mendonga et al., 2013). This dermoscopic image database com-
prises 200 melanocytic lesions, including 80 common nevi, 80 atypical
nevi, and 40 melanomas; they are 8-bit RGB color images with a reso-
lution of 768 x 560 pixels.

HMEPS (Mazziotti et al., 2021). The Human and Mouse Eyes for
Pupil Semantic Segmentation (HMEPS) dataset is a collection of 11,897
grayscale images of humans (4285) and mice (7612) eyes illuminated
using infrared (IR, 850nm) light sources, labeled with polygons over
pupil areas.

We report four metrics widely used for biomedical image segmenta-
tion (Hatamizadeh et al., 2022; Luo et al., 2021, 2022; Milletari et al.,
2016), i.e., Dice Coefficient (DC), Jaccard Index (JI), 95th percentile
Hausdorff Distance (95HD), and Average Surface Distance (ASD). The
first two evaluators emphasize pixel-wise accuracy, while 95HD and
ASD focus on boundary accuracy. DC is considered the gold standard
evaluator for this task.

5.2. Comparison with SOTA

We quantitatively compare our approach against several SOTA single-
stage semi-supervised techniques comprising pseudo-labeling and con-
sistency training strategies—ADVENT (Vu et al., 2019), CCT (Ouali
et al., 2020), UAMT (Yu et al., 2019), CPS (Chen et al., 2021), and
URPC (Luo et al., 2022). Since these SOTA methodologies have differ-
ent experimental settings, we reimplement them to run the experimen-
tal evaluation under fair conditions, using the same UNet model as the
underlying architecture. Additionally, we designed two-stage pipelines
as competitive baselines, featuring unsupervised pre-training based on
VAEs (Kingma & Welling, 2014) and self-supervised learning (SSL) tech-
niques (Ouyang et al., 2020; Perez-Garcia et al., 2025). These are fol-
lowed by fine-tuning a semantic segmentation branch on top of the fea-
tures learned during the unsupervised stage, using labeled samples. Both
training stages were optimized using standard SGD or Adam optimizers.
For SSL-based approaches, we specifically considered (Ouyang et al.,
2020) (referred to as SuperpixSSL) and RAD-DINO (Perez-Garcia et al.,
2025). Notably, the latter is the only method not relying on the UNet
architecture, as it employs a transformer-based backbone (Dosovitskiy
et al., 2020; Oquab et al., 2023). Finally, we include a comparison with
a bio-inspired model for semantic segmentation based on spiking neural
networks (SNNs), which employs a surrogate gradient method for opti-
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Table 2
Comparisons with SOTA on the GlaS dataset (Sirinukunwattana et al., 2017).
Bold and italic indicate the best and second-best performance.

Labeled % Method DC (%) 1 JI (%) 1 95HD | ASD |

100% Fully Sup. 90.62 + 0.20 82.85+0.34 896+0.34 1.76 +0.05
VAE 68.77 £ 0.51 52.42 +0.59 38.33 +5.68 11.90 +1.99
SuperpixSSL 68.51 + 0.50 52.11 +0.59 39.72+5.59 12.48 +1.88
RAD-DINO 68.06 +0.17 51.59 + 0.20 51.95+8.16 15.04 +2.44
SpikingNN 69.32+1.01 53.07 +1.21 3840 +5.19 11.68 +1.86
1% ADVENT 68.92 + 0.77 52.60 +0.90 40.12 +3.48 10.92 +1.04
CCT 68.97 +0.73 52.65+0.86 40.72 +3.68 11.00 +1.21
UAMT 69.12+0.86 52.83+1.02 37.56+4.76 10.24 +1.43
CPS 69.32 + 0.59 53.05+0.69 38.29 +4.85 10.46 +1.37
URPC 68.38 + 0.44 51.96 + 0.51 44.13 +2.92 12.04 +0.84

Ours 69.95 + 1.09 53.82 +1.31 32.87 +3.36 9.05+1.09

VAE 70.10 £ 0.95 53.99 +1.13 29.92+4.05 8.88+1.30
SuperpixSSL 70.10 +£1.25 54.00 +1.51 33.97 +5.02 10.24 +1.75
RAD-DINO 68.52 +0.22 52.11 +0.25 48.38+3.90 12.19+1.51
SpikingNN 69.90 +1.32 53.77 +1.58 36.43 + 6.40 11.00 +2.31

2% ADVENT 70.23 +1.34 54.16 + 1.60 36.84 +4.92 9.65 + 1.45
CCT 70.05 +0.94 53.92+1.11 31.26 +5.74 8.08+1.71

UAMT 69.71 +1.27 53.55+1.52 3535+570 9.35+1.72

CPS 70.60 + 1.13 54.59 +1.35 29.81 +4.82 7.57 +1.48
URPC 68.67 +0.98 52.31 +1.17 42.20 +3.21 11.51 +0.95

Ours 71.18 +1.28 55.30 +1.54 30.07 £ 5.09 7.64 +1.56

VAE 76.16 +1.21 61.54 +1.56 23.45+3.15 6.33 +1.06

SuperpixSSL 75.18 +1.27 60.28 +1.63 23.19 +2.55 6.21 +0.73

RAD-DINO 73.40 +0.42 57.15+0.49 38.16+264 9.72+1.14

SpikingNN 72.54 +1.48 56.98 +1.83 25.01 +4.52 7.22+1.59

5% ADVENT 75.34 £ 0.92 60.45+1.17 24.74+221 5.86+0.67
CCT 76.33 +£1.10 61.76 +1.43 23.62+2.67 5.54+0.72

UAMT 75.14 +0.65 60.19 +0.83 2598 +1.79 6.18 +0.50

CPS 76.17 +0.98 61.54 +1.28 22.92+1.84 528+0.37

URPC 7432 +1.06 59.17 +1.34 26.72+2.79 6.59+0.76

Ours 77.18 £ 1.05 62.87 +1.40 21.01 +2.47 4.86 +0.60

VAE 79.28 +1.39 65.73 +1.88 17.98 +1.35 4.66 + 0.42

SuperpixSSL 77.82+1.67 63.78 +2.19 21.05+3.43 567 +1.24

RAD-DINO 76.51 +0.54 61.46 + 0.65 34.74 +3.06 8.07 +1.06

SpikingNN 77.62+1.02 63.46 +1.36 19.65+1.04 5.02+0.32

10% ADVENT 78.08 +0.82 64.06 +1.10 21.76 +1.81 4.87 +0.44
CCT 80.36 +1.05 67.19+1.44 17.80+1.05 3.91+0.36

UAMT 79.31 +0.77 65.72+1.04 1837 +1.38 4.12+0.25

CPS 80.35+1.11 67.16 +1.56 18.73 +1.58 4.23 +0.46

URPC 78.59 +1.39 64.78 +1.85 21.57 +3.05 5.03 +0.93

Ours 80.77 + 0.77 67.77 +1.08 17.64 +0.82 3.87 +0.21

VAE 83.22+1.06 71.30 +1.55 15.20 +0.82 3.61 +0.24

SuperpixSSL 81.33+1.36 68.60+1.91 17.13+1.54 4.16+0.37

RAD-DINO 82,18 +0.46 68.47 +0.56 28.12+1.35 6.9+ 0.53

SpikingNN 81.60 + 0.48 68.92+0.69 16.22+0.59 4.03 +0.18

20% ADVENT 81.20 +0.80 68.38+1.13 1596 +1.11 3.55+0.24
CCT 84.22+0.84 7276 +1.25 14.26 +0.79 298 +0.13

UAMT 83.03 £ 0.69 71.00 +1.00 14.56 +0.68 3.22 + 0.19

CPS 83.90 +0.51 72.27 +0.77 14.29+0.32 3.09 +0.11

URPC 82.34 +2.07 70.12+2.84 16.74+2.16 3.64 +0.57

Ours 84.50 + 0.50 73.17 £ 0.75 13.96 + 0.55 2.93 +0.11

mization (Kim et al., 2022). Further implementation details are provided
in Appendix C.

We performed experiments considering several semi-supervised se-
tups, i.e., we supervised the models with 1%, 2%, 5%, 10%, and 20%
labeled images. We report results showing the mean over ten indepen-
dent runs together with 90% confidence intervals. Qualitative results for
our proposed method can be found in Fig. 5, while additional qualitative
examples for competing techniques are provided in Appendix E.

GlaS. The results on the GlaS dataset are given in Table 2. Our approach
outperforms previous works, considering all the metrics in almost all the
considered settings. Concerning DC, we outperform SOTA techniques by
about 1%-2%, depending on the considered data regime.

PH2. Table 3 illustrates the results on the PH2 dataset. Even in this
case, our approach achieves the best results in almost all the settings,
except for 95HD and ASD in some training data regimes where, any-
way, we obtain the second highest results. Concerning DC, we outper-
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Table 3

Comparisons with SOTA on the PH2 dataset (Mendoncga et al., 2013). Bold and
italic indicate the best and second-best performance.

Table 4
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Comparisons with SOTA on the HMEPS dataset (Mazziotti et al., 2021). Bold
and italic indicate the best and second-best performance.

Labeled % Method DC (%) 1 JL(%) 1 95HD | ASD | Labeled % Method DC (%) 1 JL(%) 1 95HD | ASD |
100% Fully Sup. 92.44+0.38 85.96+0.66 677072 234+0.12 100% Fully Sup. 96.98+0.42 9470+0.43 0.06+0.05 0.030.00
VAE 75.83+0.96 61.09+122 3237+6.10 10.44+2.05 VAE 89.53+1.94 8239+330 714569 207236
SuperpixSSL  70.78 +2.12 54.87 £2.60 33.79+9.46 12.66 = 3.01 SuperpixSSL  87.45+3.13 77.80+4.94 18.67+9.46 3.91+3.20
RAD-DINO 7718 +3.53 63.19+7.18 3416+6.31 1250+ 3.29 RAD-DINO 86.69+0.83 75.06+119 7.27+0.26 3.40+0.16
SpikingNN 69.57 +2.82 53.55+3.39 27.45+563 11.22+1.93 SpikingNN 80.98+2.63 6520+311 7.54+1.05 3.30+0.44
1% ADVENT 7324 +2.32 57.92+2.87 25.96+7.74 10.01 % 3.03 1% ADVENT 90.24+274 8225+452 395+229 1241072
ccr 7342+ 158 58.06+1.98 27.40+7.09 10.27 +2.53 ccr 91.09 +2.50 84.03+4.24 2.63+0.51 0.85=0.46
UAMT 7472+1.45 59.70+1.84 25.06+6.78 820+ 1.31 UAMT 90.18+077 8212x127 419+220 115x0.39
CcPs 76.07 £2.12 61.50 =271 28.79+7.93 10.03 +2.81 cps 90.39+0.55 8249091 4.40+078 116+0.11
URPC 71.23+1.95 55.39+233 23.17 £8.10 10.41 = 2.59 URPC 8915+ 079 80.45+128 596+1.92 1.46+0.32
Ours 78.16 + 3.04 64.25+3.69 24.19+857 8.18+2.39 Ours 90.75+0.50 83.07+219 3.70+145 107051
VAE 7878 + 1.61 65.06+2.18 2229+4.73 7.24+1.06 VAE 91.51+242 8459+377 382+244 1.10+0.64
SuperpixSSL  77.61 +2.47 6359328 19.13+1.88 7.16+0.72 SuperpixSSL  88.47 + 4.53 79.53+7.16 21.04+10.75 5.26+3.34
RAD-DINO 79.66 + 2.65 66.22+3.69 3278 +5.21 10.45 2.50 RAD-DINO 85.81+052 75.16+0.80 598+0.36 2.630.12
SpikingNN 7253 +3.88 57.32+4.67 25.63+6.47 10.09 +2.45 SpikingNN 83.83+261 70.24+245 698+223 3.05:181
2% ADVENT 79.34 +2.63 6595+ 355 17.69+3.41 6.62+0.96 204 ADVENT 91.35+1.93 8414+319 272+061 0.82+0.23
ccr 8013+ 141 66.90+1.96 13.73+0.88 5.82+0.47 ccr 91.48+245 84.34+419 248+153 0.83 +0.41
UAMT 79.76 £1.26 66.38 =174 15.05+1.89 6.10+0.59 UAMT 9242+0.09 86.06+0.16 235090 072%0.13
CPs 79.64 +2.72 66.39 371 1497 £1.92 6.33+0.88 cPs 91.07+0.28 83.60+0.48 311081 0.93+0.11
URPC 78.88 +1.69 65.22+2.33 14.68+1.33 6.90+0.76 URPC 89.78+0.64 81.47+1.05 3.99+063 114+0.11
Ours 80.90 +1.66 67.97 +2.36 17.33+2.30 6.08=0.38 Ours 92.60 +1.20 86.21 +2.09 2.25+0.69 070 0.11
VAE 82.00+0.94 69.53+1.33 18.33+223 6.02+0.54 VAE 93.09+0.56 87.09+098 210+0.27 0.65+0.07
SuperpixSSL  81.78+1.38 69.23+1.95 1541218 574z 057 SuperpixSSL 9134 +2.35 84.16x3.96 436+3.10 1.25x0.71
RAD-DINO 85.05+243 7405+3.62 17.03+4.07 6913 RAD-DINO 88.72+0.39 79.73+0.63 4.87+0.18 2.9 +0.07
SpikingNN 8020 +1.79 67.18+243 1878 +3.58 6.85+0.74 SpikingNN 87.96+0.84 77.40+129 3.05+029 1.26+0.12
% ADVENT 81.890+1.02 69.37+1.44 1372+1.85 545+0.34 s ADVENT 9231+1.07 8578+184 238072 079017
ccr 8278 +1.15 70.66+1.63 13.64+171 527 +0.35 ccr 93.25+092 87.38+157 1.59+036 0.59+0.11
UAMT 8375+ 1.11 72.08+164 1229+077 4.81+0.26 UAMT 93.03+1.18 87.02:200 208093 0.65x0.16
cps 82.86+1.18 70.78=1.73 15.00£3.41 553 +0.68 cPs 92.89 +0.41 86.72+0.72 225+079 0.69+0.14
URPC 83.41+2.17 71.65+3.14 10.78£0.99 4.86+0.43 URPC 90.85+ 072 83.23+122 411284 1.050.39
Ours 8577 +1.51 75.13+2.28 14.10+0.87 478+ 0.30 Ours 93.51+0.25 87.81+0.45 1.35+0.31 0.47 +0.03
VAE 8420 +1.44 7291+215 15.06+218 522+ 0.61 VAE 93.38+0.37 87.58+0.65 172+0.34 0.59 +0.09
SuperpixSSL 8521 +1.15 7428+177 12.27+142 4.53+0.28 SuperpixSSL  92.82+2.01 86.65+3.44 294+251 0.84+0.62
RAD-DINO 88.01+0.81 78.02+131 16.33+0.93 5.45+0.42 RAD-DINO 90.10+0.42 81.99+070 420021 1.790.10
SpikingNN 83.86 +1.96 72.36+2.90 12.65+1.19 4.90+0.54 SpikingNN 90.31+0.41 81.69+0.68 238+0.15 1.06+0.06
10% ADVENT 84.94+0.90 73.85+135 1121+141 4.48+041 10% ADVENT 9256+ 0.96 86.20+1.65 242+0.85 075019
ccr 87.93+1.96 78.46+3.14 13.05+350 3.88+1.49 ccr 9345+005 87.70+0.09 155+079 0.57+0.18
UAMT 87.37 £0.58 77.59+0.92 1217 +1.64 4.43+0.25 UAMT 93.14+0.47 87.16+0.82 1.67+0.43 0.58+0.08
CcPs 84.33+0.82 7293+121 13.19+171 4.85+0.37 cPs 92.83+0.46 86.63+0.81 1.83+0.37 0.620.08
URPC 88.06+0.40 78.89+0.45 8.95+1.89 3.710.36 URPC 90.96+0.83 83.44+1.40 231+058 0.830.13
Ours 88.26 + 0.51 79.00 = 0.82 13.04+2.39 4.35+0.63 Ours 93.68+0.28 88.12+0.50 1.37 +0.19 0.49 + 0.04
VAE 87.93+1.19 7852190 1213+211 412+0.58 VAE 93421019 87.66+034 178+0.23 0.58+0.04
SuperpixSSL  88.31+0.94 79.10+152 10.39+1.05 3.75=0.27 SuperpixSSL  93.18+0.24 87.23+0.42 176+0.24  0.60 + 0.03
RAD-DINO 91.52+0.61 84.38+1.02 14.69+1.42 5.08=+0.44 RAD-DINO 9117+ 0.23 83.77+0.38 3.66+0.16 159 0.07
SpikingNN 89.32+0.84 80.73+1.39 9.12x077 3.29+0.20 SpikingNN 91.80+0.30 84.85+051 202011 0.91:0.04
20% ADVENT 86.30 £ 0.87 75.92+1.33 10.33+1.36 3.97+0.33 20% ADVENT 93.04+059 87.00+1.02 173037  0.60 +0.09
ccr 89.95+0.57 81.74+094 821+060 3.04+0.10 ccr 9330+ 0.20 87.45+036 151028 0.54+0.05
UAMT 88.95+0.64 80.12+1.04 10.52+1.58 3.56+0.28 UAMT 9342+082 87.68+1.55 1.54+0.46 0.560.12
cps 86.49+0.97 76.23+152 10.56+1.15 4.14+0.37 cPs 93.04+0.12 86.99+0.22 148+016 0.55=0.02
URPC 91.73+0.80 8471+1.36 6.35+0.13 248+ 0.11 URPC 91.30+1.44 84.05+247 279+1.28 0.88+0.20
Ours 91.99+0.82 84.92+1.38 801+213 2.13+0.87 Ours 93.82+0.16 88.35+0.29 1.26+0.13 0.46+ 0.01

form SOTA techniques up to 3%, depending on the considered data
regime.

HMEPS. The outcomes on the HMEPS dataset are presented in Table 4.
Again, our approach obtains improved SOTA performance in almost all
the considered settings. However, we did not reach the best results with
regime 1%. We deem that this behavior can be linked to the intrinsic
characteristics of this specific scenario, i.e., the HMEPS dataset provides
a bigger set of labeled samples, even for the considered low training data
regimes, making the unsupervised step less significant.

Discussion. While the proposed Hebbian learning framework demon-
strates strong sample efficiency across multiple biomedical datasets, it
is not without limitations. The approach inherently relies on the unsu-
pervised discovery of salient low-level features from the data’s intrin-
sic structure. As a result, its effectiveness depends on the complexity
and homogeneity of the visual features present in the unlabeled cor-

pus. This limitation helps explain its relative underperformance in cer-
tain scenarios—for example, the extremely low-label (1%) setting on
HMEPS. Some tasks, such as segmenting a singular, well-defined, and
highly contrasted pupil structure, are inherently less complex than oth-
ers, like segmenting irregular skin lesions or intricate cellular bound-
aries. In cases where the dataset size is already substantial (e.g., 2000
images in HMEPS), even a 1% subset may provide a sufficiently large
and representative set of labeled examples for a relatively simple task.
In such situations, conventional supervised methods can quickly learn
the task via backpropagation. By contrast, the unsupervised Hebbian
pretraining—designed to build generic feature hierarchies from large
unlabeled data—offers diminished marginal utility when the task is
characterized by high contrast, consistent shape, and minimal back-
ground clutter. In fact, it may even slightly hinder performance if it
biases the model toward priors that are suboptimal for such simple
feature distributions. This observation, empirically supported by our
results, suggests that the primary advantage of our method emerges in
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Table 5
Ablation on the temperature hyperparameter. Mean +
90% CI are reported. The best results are in bold.

Dataset (20% Labeled) Temperature DC (%) 1
1 82.34 + 1.06
5 82.90 + 0.68
10 83.01 + 0.68
GlaS 20 83.39 + 0.58
50 83.84 + 0.71
75 84.15 + 0.50
100 84.50 + 0.50
1 86.57 + 1.51
5 86.81 + 1.16
10 89.00 + 0.98
PH2 20 91.99 + 0.82
50 88.48 + 0.72
75 89.05 + 1.06
100 89.15 + 0.86
1 92.10 + 0.38
5 92.84 + 0.85
10 93.10 + 0.94
HMEPS 20 93.82 + 0.16
50 93.41 +0.23
75 93.38 + 0.34
100 92.98 + 0.85

complex segmentation tasks, where labeled data is truly scarce and the
visual features are heterogeneous and high-dimensional.

5.3. Hebbian initialization of single-stage methods

We report the results obtained by using our unsupervised SWTA-TSA
pre-training as initialization for the considered single-stage pseudo-
labeling and consistency-based semi-supervised methods. Results are
shown in Fig. 4. For better readability, we illustrate only the perfor-
mance in terms of the gold standard metric, i.e., the DC. We can observe
that, in most cases, the proposed initialization helps achieve significant
improvements. However, we can still notice a small worsening in some
cases. We deem that this can be expected because a given initialization,
although effective for some methods and specific data distributions/data
regimes, can be sub-optimal for other techniques, which instead require
starting with small random weights to guarantee the stability and con-
vergence of the training process.

5.4. Ablation studies

Softmax temperature hyperparameter. We perform an ablation study
varying the temperature hyperparameter defined in Eq. (2). We show
results concerning SWTA-TSA over the three datasets with the regime at
20% in Table 5. We observe that, concerning the GlaS dataset, increas-
ing temperature from 1 to 100 has a positive impact on performance
until a plateau is reached; instead, we obtained the best performance
with a temperature of 20 for the PH2 and HMEPS datasets. Further-
more, we note that, while some temperature settings yield statistically
significant improvements (e.g., PH2), in other cases confidence intervals
overlap. Nonetheless, selecting the configuration with the best average
performance remains a valid strategy, given the smoothness of the hy-
perparameter landscape.

Hebbian variants. Table 6 concisely ablates the results obtained by ex-
ploiting the different Hebbian learning strategies introduced in Sec-
tion 4.2. Specifically, we report the outcomes in terms of the Dice Co-
efficient for the GlaS dataset (the most popular and challenging among
those used) considering different percentages of label availability. In
all cases, our SWTA-TSA Hebbian unsupervised learning formulation
achieves the best performance, motivating its selection as our preferred
choice.
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Table 6

Ablation on the type of Hebbian learning
algorithm considering the GlaS dataset.
The best results are in bold.

Labeled% Method DC (%) 1

HPCA-S 66.18 + 1.60
1% HPCA-TSA  65.18 + 3.63
’ SWTA-S 68.26 + 1.67
SWTA-TSA  69.95 + 1.09
HPCA-S 68.38 + 1.77
o HPCA-TSA  69.53 = 1.27
’ SWTA-S 69.79 + 1.20
SWTA-TSA  71.18 + 1.28
HPCA-S 75.19 + 1.63
s HPCA-TSA  73.62 + 2.58
’ SWTA-S 74.89 + 1.54
SWTA-TSA  77.18 +1.05
HPCA-S 80.02 + 1.23
HPCA-TSA  79.73 + 1.12

10%
SWTA-S 79.82 + 1.06
SWTA-TSA  80.77 + 0.77
HPCA-S 83.20 + 0.58
20% HPCA-TSA  83.61 = 0.75
SWTA-S 84.00 + 0.62
SWTA-TSA  84.50 + 0.50

Hebbian unsupervised first stage. We conduct an ablation study to as-
sess the Hebbian unsupervised pre-training independently, focusing on
both DC and training time. Specifically, for DC evaluation, we follow
established literature and employ linear probing, where a linear clas-
sifier is trained on top of the frozen learned features (Gansbeke et al.,
2021; Jietal., 2019). Table 7 presents the DC results on the GlaS dataset,
comparing our approach with the other unsupervised pre-training com-
petitors, i.e., VAE (Kingma & Welling, 2014) and SuperpixSSL (Ouyang
et al., 2020). We exclude RAD-DINO (Perez-Garcia et al., 2025) from
this comparison due to its unfair advantage, as its backbone was trained
on a substantially larger dataset (see Appendix C for details). Our ap-
proach achieves the best performance, demonstrating its superiority. In
terms of training time, we observe that our method offers competitive
efficiency compared to the backpropagation-based VAE, while achiev-
ing significantly better segmentation metrics-both under linear probing
and during second-stage semi-supervised fine-tuning. By contrast, Su-
perpixSSL exhibits considerably lower training efficiency, primarily due
to the computational overhead associated with proxy target generation.

5.5. Experiments with volumetric images

To prove that our approach can be easily extended to 3D medical images,
we report some outcomes using the Left Atrial (LA) dataset (Xiong et al.,
2021). Specifically, it contains 100 3D MRI images from the 2018 atrial
segmentation challenge; following the literature, we use 80 images for
training and 20 for testing.

The results of our evaluation are shown in Table 8. Our approach
ranks best or second best most of the time, and our Hebbian initializa-
tion yields benefits to one-stage SOTA methods. Qualitative results can
instead be found in Fig. 6

6. Conclusion and future works

In this work, we presented a novel two-stage semi-supervised approach
for semantic segmentation, leveraging bio-inspired learning models for
a first unsupervised pre-training step, followed by a second supervised
fine-tuning phase. Our core contribution is the formulation of Hebbian
learning rules for transpose-convolutional layers, constituting the up-
sampling path of many popular semantic segmentation architectures.
Experiments over several biomedical image segmentation benchmarks
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Fig. 4. Performance changes (with green and red arrows) obtained with single-stage SOTA semi-supervised approaches initialized with our unsupervised Hebbian
pre-training compared to initialization from scratch (blue bar). Each row corresponds to a dataset, while each column to a different degree of label availability. We

report DC values embedded in the most convenient range for best readability.

Table 7 Table 8
Ablation of the first stage of our semi- Experiments with 3D images on the LA dataset (Xiong et al., 2021).
supervised plpellme on the GlaS dataset. The Labeled % Method DC (%) 1 6 1 95HD | ASD |
best results are in bold.
100% Fully Sup. 91.76 + 0.11 84.77 +0.19 5.75+0.84 1.69 +0.06
Method DC (%) 1 Training Time |
ADVENT 64.00 + 3.55 47.09 +3.84 37.15+4.89 9.55+ 0.69
VAE 57.5 6m 6s 1% UAMT 60.42 + 4.56 43.39 + 4.56 40.92 + 5.49 10.37 + 1.65
SuperpixSSL 44.9 916m 45s ’ DTC 62.63 +4.77 45.66 +4.99 35.47 +3.34 9.41 + 0.61
Ours 59.4 6m 1s Ours 65.08 + 4.74 48.26 + 4.54 40.82 + 3.66 10.15 % 1.41
ADVENT 73.53 + 4.09 58.36 + 6.96 31.35+6.85 7.50 + 1.72
20 UAMT 74.80 +5.18 59.93 + 6.42 28.05+8.61 6.52+2.18
DTC 76.87 + 4.50 62.51 + 5.88 25.74 +2.94 582+ 0.74
Ours 76.42 + 1.87 61.86 +2.46 24.66 + 2.80 5.73 + 0.43
using different degrees of labeled data demonstrated the effectiveness of ADVENT 80.80 +3.73 67.84£5.33 23.12+5.78 5.40+1.17
thodol d to other SOTA hes. Furth o UAMT 84.22 + 3.67 72.80 + 5.41 15.97 + 2.28 3.73 + 0.42
our methodology compared to other SULA approaches. furthermore, we o DTC 83.28 +2.97 71.43£4.33 17.55+3.80 4.19x0.94
also explored combinations of our Hebbian pre-training approaches with Ours 83.42+1.92 71.57+2.82 17.40 + 5.38 4.18 + 0.60
existing ps.eud(.)-labehng and c9n51stency-based seml-s.upf:rwsed met.h- ADVENT 85.33 £ 1.42 7441 2 218 17724 0.08 3.79 £ 0.44
ods, resulting in performance improvements. These findings hold sig- 10% UAMT 88.95 + 0.22 80.09 + 0.37 8.13 +0.02 2.21 + 0.06
Pyl . . . . o
nificant practical relevance, especially considering the extreme cost re- DTC 86.43+1.73 76.13+2.69 1371 £4.95 3.22+0.74
. . . ; - . 0 87.11+0.69 77.17+1.07 13.63 +£2.16 3.21+0.11
quired for collecting annotated data, particularly in the biomedical do- urs 7.11+0.69 77.17 + 1.07 = *
main, and because bio-inspired algorithms can be advantageous for de- ADVENT 89.51+0.26 81.01+042 9.61+1.34 2431023
. . . . UAMT 90.91 + 0.64 83.34 + 1.07 6.09 +1.00 1.82+0.34
. + + + +
veloping biologically plausible models. ) 20% DIC 80.46+1.45 80.93+2.36 8.75+229 225+0.11
The proposed methodology still presents some areas for improve- Ours 80.17 + 1.25 80.45 + 2.05 11.92 + 7.96 2.66 + 0.49
ment, which can be addressed in future works. One such future work Regime 0.01 Regime 0.02 Regime 0.05 Regime 0.1 Regime 0.2
is the extension of the proposed Hebbian learning framework to ad-  improvement " o & 4
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ditional conventional architectural components, including transformer- PN o | oli " “

based models, in order to further improve scalability and generalization
across neural network paradigms. Another compelling direction for fu-
ture research would be to extend the two-stage pipeline proposed here
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Fig. 5. Qualitative results from our semi-supervised approach based on Hebbian SWTA-TSA. Each row corresponds to a different percentage of label availability;
each column corresponds to a different dataset and includes a triplet sample-target-prediction.
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Fig. 6. Qualitative results with 3D images on the LA dataset (Xiong et al., 2021). We provide two views for better readability—a slide view and a 3D view.

to SNNs—potentially by reformulating Hebbian principles within the
framework of Spike-Timing Dependent Plasticity (STDP).
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Appendix A. Hebbian Learning Background

The methodology outlined in our work draws inspiration from the
biological processes of synaptic adaptation and learning. While Heb-
bian theory has its roots in neurobiology, a background in neuroscience
is not required to grasp the principles underlying these methodolo-
gies. Interestingly, mathematical models of Hebbian learning reveal sur-
prising parallels with well-known machine learning concepts, such as
clustering, Principal Component Analysis (PCA), and other mechanisms
for unsupervised feature extraction. In the following sections, we pro-
vide additional context to enhance the reader’s understanding of how
certain learning principles emerge from the proposed learning rules.
Specifically, we introduced two learning principles: Soft-Winner-Takes-
All (SWTA) and Hebbian Principal Component Analysis (HPCA). We be-
gin by examining SWTA in greater depth, highlighting its connections to
standard centroid-based clustering. Subsequently, we delve into HPCA,
demonstrating how this synaptic model facilitates the identification of
principal components from data.

Soft-Winner-Takes-All (SWTA). The SWTA weights update rule ex-
pressed in Eq. (2) is reported again, for convenience, hereafter:

Aw; ; = nsoftmax(yy, vy, ...); (x; — w; ), (A1)

For a given neuron i, we can distinguish two multiplicative components.
The first component includes the softmax, together with the learning
rate. It is a scalar (one term for each neuron) that essentially modu-
lates the length of the weight update step for the given neuron. The
second component is x; — w; ;, which is instead a vector. This is the di-
rection of the weight update. Intuitively, the neuron takes a small up-
date step in the direction that links its weight vector w; ; with the input
x;. When this process is repeated over and over for many inputs, the
weight vector eventually converges to the centroid of the observed in-
puts (Fig. A.7). Furthermore, since the softmax operation assigns mod-
ulation coefficients close to 1 for highly active neurons and near O for
less active ones, this mechanism enables different neurons to specialize
in distinct input clusters, as neurons that take a larger step toward a
specific input are more likely to produce stronger responses when sim-
ilar inputs are encountered in the future. Fig. A.8 illustrates a practical
example of weights and feature vectors extracted from a UNet backbone
trained on the GlaS dataset—an architecture and dataset for semantic
segmentation used in the experiments presented in this work. It show-
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(a) Starting from a random initialization of weight vectors, inputs
are presented to the neurons. The weight vectors take an update
step towards the input position in the data plane.
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cases the evolution of these vectors across different training epochs, fol-
lowing the SWTA approach. Further details about the data processing
underlying this visualization are provided in Appendix B.

Hebbian Principal Component Analysis (HPCA). For convenience, we re-
port again Eq. (3) concerning the HPCA weights update hereafter:

J
Aw,; =ny; (5= Y ypwp). (A.2)
k=1
The learning process underlying this rule is less intuitive to visualize
compared to the SWTA case, but valuable insights can be gained by
examining the conditions required for convergence to a stochastic equi-
librium. Specifically, for this equilibrium to be achieved, the average
weight update across all inputs must equal zero. Mathematically, this
can be written as:

E[Aw; ] =E[ny; (x; = y1w; D] =0, (A.3)

where the equation refers to neuron 1 in particular, but the following
arguments apply also to any other neuron. By rearranging the terms, we
obtain:

Ely;x;1 = Elyyyw; 1. (A.4)

At this point we can recall the input-output relationship of the neuron,
i.e.,, y; = X, x,wy ;> and substitute it in the previous equation as follows:

[E[Z Xwy 1 %] = [E[Z Xp Wy g Z XpWp Wi 1] (A.5)
k k h

Since the sum can commute with the expectation, and since w; ; does not
depend on x;, after rearranging the terms we can derive the following
equation:

Y wi i Ebeex,] = ) wy  Elxgxyluwy, 1w, . (A.6)
k k,h

It can be noticed that E[x;x,] is the input data covariance matrix, while
Yin Wi Elxgx,]wy, | is a scalar. By calling the first term as C; , and the
second term as A, we can simplify the equation to:

D Wi Cop = Aw; ;. A7)
&
This is a familiar equation of the eigenvalues and eigenvectors of the

matrix C; ;. In other words, this tells us that, according to the synap-
tic dynamics defined in Eq. (A.2), equilibrium of neuron 1 is achieved
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(b) After multiple iterations, different weight vectors converged to

different cluster centroids, thanks to the SWTA mechanism.

Fig. A.7. The illustration represents weight vectors (arrows) and data points (dots) within a data space. Fig. A.7s shows how a weight vector updates according to
the SWTA equation when input is introduced. Fig. A.7b depicts the final positions of the weight vectors after multiple iterations, showing that each has converged

to a distinct cluster centroid, guided by the SWTA mechanism.
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(a) Initial position of weight and feature
vectors.

(b) Evolution of weight and feature vec-
tors after 20 training epochs.

(c) Final position of weight and feature
vectors after 200 training epochs.

Fig. A.8. Visualization of feature vectors (blue) and weight vectors (orange) in latent space using our Hebbian SWTA-TSA pre-training approach in a real-world
scenario (UNet backbone and GlaS dataset). Specifically, the feature vectors correspond to the flattened outputs of the UNet encoder, while the weight vectors are
taken from the immediately subsequent upsampling layer. For clarity, only a subset of the feature and weight vectors is shown (more details about the visualization
are in Appendix B). The three subfigures illustrate the evolution of weight and feature vectors across the training. Fig. A.8a shows the initial configuration, Fig. A.8b
depicts the state after 20 training epochs, and Fig. A.8c presents the final state after 200 epochs. Two key observations can be made. First, the feature vectors shift
over time as the encoder portion of the UNet backbone evolves during training. In particular, while the initial distribution is more uniform, data points tend to
become more clustered as the network reorganizes information in the latent space. Second, the weight vectors tend to self-organize toward higher-density cluster
regions; however, some neurons also cover data points in sparser regions. These may correspond to visual elements that occur less frequently in the images, exhibiting

a form of outlier behavior..

when the weight vector w; ; converges to an eigenvector of the covari-
ance matrix (and A is the corresponding eigenvalue). This is exactly the
definition of a principal component.

Another intuitive interpretation of the learning rule in Eq. (A.2) is
the following: the term Zi:l Yy W; . can be viewed as a reconstruction
of the observed input x;, based on the current activations of neurons 1
through j. The weight update is proportional to the difference between
the actual input x; and this reconstruction. In other words, each neuron
adjusts its weights in the direction that minimizes the reconstruction er-
ror. At the beginning of training, weight vectors are randomly initialized,
resulting in a large reconstruction error. Consequently, the learning dy-
namics are initially fast, with strong updates driving the weight vectors
toward the principal components of the data. As training progresses and
the reconstruction improves, the updates become progressively smaller,
leading to slower learning. This behavior is desirable, as it ensures sta-
ble weight dynamics and convergence of the neurons to an equilibrium
configuration.

Appendix B. SWTA Latent Space Visualization

In this section, we visualize the feature vectors in the latent space
and illustrate the dynamics of the weight vectors considering our Heb-
bian SWTA-TSA pre-training approach in a real-world scenario (see also
Fig. A.8). To this end, we adopted a UNet backbone architecture—
consistent with the rest of the methodology—and focused on the GlaS
dataset, chosen for its complexity and richness in visual features.

Specifically, we trained the UNet using our unsupervised Hebbian
pre-training method based on SWTA-TSA for 200 epochs, saving check-
points at different stages to capture both model weights and data fea-
tures. For each training sample, we extracted the latent feature repre-
sentation from the encoder, flattening its output to obtain a feature vec-
tor. In parallel, we tracked the weight vectors of the first decoder layer,
which directly receives the latent features as input. Checkpoints were
recorded before training, at epoch 20, and at the final epoch, enabling
us to analyze the evolution of both feature and weight vectors through-
out the training process. Given the convolutional structure of the net-
work, we partitioned the latent feature map from the UNet decoder into
k X k patches, where k is the kernel size of the subsequent layer. Each
patch was flattened to obtain a high-dimensional feature vector, and
the collection of these vectors formed the dataset to be visualized. To
reduce dimensionality, we applied PCA and used the resulting projec-
tion to map both feature and weight vectors into the same 2D space.
Since plotting all data points and weights would result in a cluttered
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and hard-to-interpret figure, we selected a random subset of 500 fea-
ture vectors and 10 wt vectors, excluding outliers based on L2 norm to
avoid numerical instability. These selected weight vectors were tracked
across training, i.e., the same subset of feature and weight vectors was
visualized at the three previously defined key stages (the initial condi-
tion at epoch 0, after 20 epochs, and at the final epoch).

The resulting visualizations are shown in Fig. A.8a, Fig. A.8b, and
Fig. A.8c, respectively. These figures offer a compelling depiction of
the learning process during Hebbian training. The latent feature rep-
resentations undergo significant changes across epochs, driven by the
evolving encoder configuration under synaptic plasticity. Initially, fea-
ture vectors appear roughly uniformly distributed; however, as train-
ing progresses, they gradually organize into clusters, indicating that the
network is learning to structure the input information more effectively.
Meanwhile, the weight vectors of the subsequent layer shift in response
to the changing data distribution, attempting to follow the emerging
centers of mass. By the end of training, we observe the formation of
cluster-like structures—albeit with fuzzy boundaries—well captured by
most of the weight vectors. The remaining vectors tend to occupy less
densely populated regions of the latent space, likely corresponding to
rare visual patterns in the dataset, which are nonetheless encoded by the
network. Importantly, the latent feature vectors represent the network’s
internal encoding of the input images, while the weight vectors reflect
its synaptic memory of the data distribution. This representation is ini-
tially inaccurate but becomes increasingly aligned with the actual data
structure as training advances. In essence, the weight vectors adapt to
form a quantized reconstruction of the input distribution, progressively
improving in fidelity over time.

Appendix C. Implementation Details

In this section, we provide some implementation details. Our
model is implemented using PyTorch, with all training and infer-
ence processes conducted on an NVIDIA DGX-A100. We also re-
fer the reader to our repository available at https://tinyurl.com/
hebbian-semantic-segmentation.

To ensure fair comparisons, we maintained consistent settings across
all experiments. For the 2D datasets, data augmentation during training
includes vertical and horizontal flips as well as rotations. Input images
are resized to 128 x 128 for both training and inference. In contrast,
for the LA dataset (Xiong et al., 2021), the same augmentation strat-
egy is applied during training. Random patches of size 96 x 96 x 80 are
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extracted during training, while inference employs a sliding window ap-
proach with a 0.5 overlap ratio, using patches of the same size.

We used the SGD optimizer along with a multi-step learning rate
scheduler to train the second stage of the two-stage approaches and the
one-stage approaches. Conversely, we used the Adam optimizer to train
the first unsupervised stage of the two-stage approaches. A multi-step
learning rate scheduler is consistently applied in all cases. Specifically,
the initial learning rate is set to 0.5 when using the SGD optimizer for the
2D datasets, and to 0.1 for the 3D LA dataset. For the Adam optimizer,
we empirically observed better results with smaller initial learning rates:
0.001 for the 2D datasets and 0.0001 for the LA dataset.

We set the total number of training epochs to 200. In the first unsu-
pervised stage, we always use the model snapshot from the final epoch to
initialize the models for the second fine-tuning stage. Specifically, con-
cerning Hebbian-based models, we noticed that they typically converge
to a stable configuration of weights that do not change significantly af-
ter a few epochs. Empirically, we observed that model parameters across
all datasets stabilized before reaching 200 epochs, which we therefore
adopted as the training limit. Then, for the final evaluation on the test
set, we select the best model based on DC performance on the validation
split obtained during the fine-tuning stage. To ensure that our results are
statistically relevant, we implement a 10-fold cross-validation protocol
(5-fold for the LA dataset), varying the training, validation, and test
splits.

Additionally, for the weight A in the unsupervised loss functions
of the competitor pseudo-labeling/consistency-based methods, we in-
crease A linearly with the number of epochs, following previous works,
ie, A=4_. X %ecphoch' We set 4., = 5, which we found to be the op-
timal value through a grid-search procedure.

Concerning the two-stage competitor approaches, we occasionally
applied architectural modifications to better align each method’s orig-
inal task with the target task—semantic segmentation. Specifically, we
added segmentation branches that were fine-tuned in the second stage
and built on top of the features learned during the unsupervised stage.
For SuperpixSSL, no changes were necessary, as its architecture was
already designed for semantic segmentation. For VAE, the network’s
downsampling branch acts as the encoder, while the upsampling branch
serves as the decoder. The decoder output is mapped through a lin-
ear layer to 256 +256 variables representing the mean and variance
of a Gaussian distribution. A latent representation is sampled from this
distribution and fed back into the decoder. During fine-tuning, the en-
coder parameters are initialized from the pretrained VAE model. The
final layer used for input reconstruction is replaced with a new linear
layer, initialized from scratch, which outputs the predicted segmenta-
tion map. For RAD-DINO (Perez-Garcia et al., 2025), we initialized the
model using the pretrained image encoder from the original work and
kept it frozen during the second stage. RAD-DINO is a foundation model,
which by definition is trained on a massive amount of data. Therefore,
we deemed it inappropriate to retrain it from scratch in the first stage
using the relatively small dataset employed in this work. To produce
segmentation maps, we added a decoding branch inspired by other two-
stage methods. Each input image was mapped to a 37 x 37 x 768 feature
representation. The decoder consisted of a sequence of transpose con-
volutions: first, a layer with 768 input and 256 output channels (kernel
size 3, stride 1), followed by ReLU and BatchNorm; then a layer with
256 to 128 channels (kernel size 3, stride 2), and another with 128 to
64 channels (kernel size 7, stride 3), both followed by ReLU and Batch-
Norm. The resulting features were upsampled via bilinear interpolation
to 222 x 222 pixels, and finally passed through a transpose convolution
with 64 input channels and one output channel per class (kernel size
3, stride 1) to generate the segmentation map. This decoder configura-
tion was selected as it reflects the standard design based on transpose
convolutions commonly used in semantic segmentation architectures.
Training was performed independently on each dataset using the avail-
able labeled samples and the Adam optimizer with a learning rate of
0.01.

max ‘max
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Finally, regarding the bio-inspired SNN model used for additional
comparisons (Kim et al., 2022), the architectural and Leaky Integrate-
and-Fire (LIF) parameters—such as membrane time constant and
threshold—were set according to the original work. The model adopts a
standard convolutional/transpose-convolutional backbone architecture,
similar to the traditional backbone used in other baselines, but replaces
conventional neuron models with spiking LIF counterparts (Abbott &
van Vreeswijk, 1993). Training was performed using surrogate gradient
methods, leveraging the available labeled samples in each scenario. The
development of semi-supervised two-stage learning techniques based
on spike-timing-dependent plasticity (STDP), analogous to the Hebbian
strategies explored in this work, is left as future work, as it would re-
quire substantial theoretical advances in the modeling of STDP-based
plasticity mechanisms.

Appendix D. Additional Experiments
In addition to the three public datasets described in Section 5.1,

we also evaluate our approach on two further 2D biomedical image

Table D.9
Comparisons with SOTA on the OCT-CME dataset (Ahmed et al., 2022). Bold
and italic indicate the best and second-best performance..

Labeled % Method DC (%) 1 JI (%) 1 95HD | ASD |
VAE 62.45 +5.55 46.69 +4.19 13.80 +3.58 5.03 +1.27
SuperpixSSL 56.65 +3.92 41.39+3.89 17.29+3.88 5.05+1.96
RAD-DINO 49.92+1.70 3498 +1.30 20.72+3.69 7.98 +2.07
SpikingNN 51.33+2.53 36.38+1.47 17.44+3.26 6.79+2.07
1% ADVENT 52.88 +2.56 37.84+2.00 15.59+1.67 6.56+0.25
CCT 62.14 +2.20 45.80 +2.53 13.42+0.76 5.32+0.22
UAMT 60.79 +1.22 46.02+0.72 13.13+1.18 5.68 +1.09
CPS 61.81 +1.05 44.27 +0.37 11.76 +1.63 4.95+ 0.91
URPC 63.68 +4.25 4898 +5.09 10.35+2.44 3.62+0.51
Ours 64.04 + 1.82 50.55 +1.27 10.58 +1.99 3.59 + 0.47
VAE 63.77 £ 5.83 47.44+5.64 11.05+2.60 3.59+1.42
SuperpixSSL 61.98 +5.17 46.49 +5.48 14.03+4.19 3.38+1.35
RAD-DINO 5413 +£0.62 38.32+0.51 17.84+0.42 6.37+0.23
SpikingNN 57.63 £0.67 41.99 +0.57 14.30 +1.02 5.47 +0.92
2% ADVENT 58.76 + 0.53 42.05+1.01 13.99 +0.78 5.07 +0.73
CCT 63.24 +0.74 47.79+0.91 10.84 +0.37 4.78 £0.15
UAMT 63.33+£0.25 46.98+1.35 11.16+1.05 4.88+0.73
CPS 65.01 +1.03 47.03+0.38 10.50 +1.66 4.42+0.78
URPC 65.93+1.64 50.51 +2.14 10.03+1.26 3.21+0.77
Ours 66.58 + 1.31 51.71 +0.98 9.98 +0.64 3.10+0.89
VAE 64.83 +0.87 49.81+1.12 9.11+045 3.56+0.11
SuperpixSSL 66.04 +1.92 49.34 +2.10 10.51 +1.34 2.86 +0.50
RAD-DINO 56.55 + 0.59 40.34 +0.50 15.12+0.45 5.24 +0.29
SpikingNN 61.37 £ 0.58 45.01 +1.02 12.07 +0.82 4.07 +0.19
5% ADVENT 60.67 + 0.98 43.98 +0.75 12.57 +0.34 4.23+1.21
CCT 66.47 +0.75 51.92+0.96 9.73 +0.31 3.43 + 0.07
UAMT 65.98 + 0.24 49.98 +1.01 10.11 +1.33 3.77 +0.48
CPS 66.88 +1.01 48.98 +0.98 9.95+0.76  3.02+0.53
URPC 67.33+1.45 5310+1.83 9.60+0.72 3.37+0.20
Ours 67.99 + 0.78 53.88 +0.28 8.88+1.79 2.68 + 0.67
VAE 67.84 +0.44 53.72+0.59 898+0.17 2.25+0.04
SuperpixSSL 67.58 +1.28 52.25+1.58 8.34+0.50 2.59+0.14
RAD-DINO 59.77 £ 0.37 43.13+0.33 12.28 +0.53 4.44 +0.22
SpikingNN 64.07 +1.71 48.84+1.68 9.94+0.89 3.10+0.83
10% ADVENT 62.54 +1.12 46.89+0.76 11.00+0.45 3.67 +0.12
CCT 68.69 +0.38 54.88+0.51 882+0.32 249+0.10
UAMT 68.52 +0.81 52.66+0.99 857 +1.22 292+0.31
CPS 67.37 £2.78 50.90 +2.11 9.54+239 275+0.81
URPC 68.56 + 1.97 54.89 +2.72 834+0.65 2.56+0.22
Ours 69.94 + 3.33 53.94+285 8.20+249 220+1.78
VAE 72.72 +0.22 56.91 +0.30 893 +0.26 2.21+0.05
SuperpixSSL 71.41 £ 0.44 53.15+0.59 8.98+0.20 221 +0.03
RAD-DINO 62.67 + 0.37 45.75+0.34 11.52+0.33 3.06+0.18
SpikingNN 70.39+1.05 54.35+0.15 8.88+0.71 1.99 +0.23
20% ADVENT 65.45+1.21 49.98 +0.67 9.99+0.54 277 +0.09
CCT 7337 £0.34 5833+047 7.51+0.10 1.90 +0.04
UAMT 71.35+2.62 55.49+3.15 853+152 2.35+0.59
CPS 70.14 + 0.84 54.02+1.00 8.89+0.64 241 +0.21
URPC 73.21 £0.54 58.10+0.58 7.13+0.94 1.85+0.33
Ours 74.00 + 2.33 58.75+2.94 7.16+201 1.80+0.57
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Table D.10
Comparisons with SOTA on the QaTa-COV19 dataset (Degerli et al., 2021). Bold
and italic indicate the best and second-best performance. '— indicates that the

training process failed to reach convergence..

Labeled % Method DC (%) 1 JI (%) 1 95HD | ASD |
VAE — — — —
SuperpixSSL  64.65+2.92 49.39 +2.89 18.66 +1.01 8.44 + 0.54
RAD-DINO 59.92 +1.70 44.98+1.30 19.72+3.69 9.01 +0.98
SpikingNN 59.26 + 1.58 45.26 + 1.28 18.95+2.73 8.99 + 1.73
1% ADVENT 67.64 +2.59 51.84 +2.54 18.23+1.42 8.44 +1.02
ccT 69.32+0.78 53.16 +0.99 17.02+0.39 8.29+0.15
UAMT 68.93 £2.10 53.07 +2.47 16.98+0.57 8.03+0.36
CPS 65.98 + 0.81 50.24 +0.91 19.52+0.39 8.11+0.17
URPC 69.63+0.81 53.05+1.00 16.42+0.81 7.99 +0.57
Ours 70.02 £ 1.79 53.92+2.32 1672+1.36 7.24+0.34
VAE — — — —
SuperpixSSL 6724 +2.85 51.37 +2.95 18.10+1.05 8.19 +0.52
RAD-DINO 62.32 +1.65 46.78 +1.35 19.13+3.60 8.74 + 1.00
SpikingNN 61.63 +1.60 47.07 +1.25 18.38+270 8.72+1.75
204 ADVENT 70.35 + 2.55 53.91 +2.60 17.68 +1.45 8.19 +1.00
ccT 72.09 +0.92 5529+ 1.07 16.51+0.51 8.04 +0.22
UAMT 71.69 +2.36 5529 +2.72 16.47 +0.69 7.79 + 0.48
CPS 68.62 + 0.95 52.25+1.08 18.93+0.61 7.87 +0.29
URPC 7242113 5517 +1.26 1593+1.03 7.75+ 0.69
Ours 74.34 £ 0.98 59.19 +1.23 15.57 + 0.49 6.58 + 0.24
VAE — — — —
SuperpixSSL  70.60 + 2.67 53.94+3.12 17.38+1.21 7.86 + 0.47
RAD-DINO 66.68 + 1.82 50.05+1.49 17.79+3.91 8.13+0.87
SpikingNN 65.94 +1.73 50.37 +1.42 17.09+2.88 8.11+1.62
o ADVENT 7457 +2.71 57.14+2.43 16.62+1.38 7.70 £0.93
ccT 76.42+0.98 5821 +1.14 15.52+0.47 7.56 + 0.26
UAMT 76.00 + 2.44 58.61 +2.65 15.48+0.73 7.32+0.45
CPS 72.74 £1.02 5539 +1.15 17.79+0.66 7.40 + 0.31
URPC 76.77 +1.21 58.48 +1.33 14.98+1.09 7.29+0.73
Ours 79.25 + 0.26 65.64 + 0.36 13.62 + 0.43 6.13 +0.12
VAE — — — —
SuperpixSSL  74.84 +2.73 57.18+3.05 16.34+1.17 7.39 +0.50
RAD-DINO 71.34 +1.96 53.55+1.61 16.54 +4.02 7.56 + 0.91
SpikingNN 70.56 + 1.88 53.90 + 1.53 15.89+2.97 7.54 +1.58
10% ADVENT 7854 +2.83 64.71 +2.57 1529+ 1.42 7.08 +0.89
ccT 79.02+1.78 61.36 +1.02 14.56 + 0.89  6.99 + 0.57
UAMT 78.80 + 1.37 62.45+1.05 14.05+0.85 6.98+0.79
CPS 77.39 £1.24 61.59 +0.73 14.75+0.57 7.23 +0.83
URPC 7912 +1.42 62.98+1.09 14.32+088 7.11+0.76
Ours 80.42 +0.25 66.26 + 0.35 12.62+0.26 5.88 +0.13
VAE — — — —
SuperpixSSL  78.58 +2.87 62.75+2.66 14.36+1.26 7.02+0.46
RAD-DINO 7491 +2.08 5837 +1.52 15.38+4.25 7.18 +0.87
SpikingNN 74.09 £2.03 58.21 +1.67 14.94+3.12 7.16+1.45
20% ADVENT 80.47 £2.96 67.89 +2.45 1238+ 1.53 6.23 +0.94
ccT 80.17 +0.91 67.88+1.08 12.54+0.95 6.64 + 0.52
UAMT 80.74 +1.43 67.07 +1.12 12.07+0.91 6.23 +0.85
cpPs 80.26 + 1.33 67.13+0.78 12.72+0.61 587+ 0.89
URPC 81.01 +0.45 68.02+082 11.99+0.52 5.92+0.67
Ours 81.08 + 0.22 68.19 +0.29 11.34 +0.34 5.62 + 0.12
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segmentation datasets, which involve distinct imaging modalities and
segmentation tasks.

OCT-CME (Ahmed et al., 2022). The OCT-CME dataset contains Opti-
cal Coherence Tomography (OCT) images of diabetic macular edema
patients, annotated for Cystoid Macular Edema (CME) segmentation. It
includes manually labeled binary masks created using MATLAB tools to
highlight CME regions pixel-wise.

QaTa-COV19 (Degerli et al., 2021). QaTa-COV19 is a large-scale chest
X-ray (CXR) dataset developed for COVID-19 diagnosis, curated by
Qatar and Tampere Universities. It contains over 120,000 CXR images,
including 9258 confirmed COVID-19 cases, with 2951 segmentation
masks highlighting infected lung regions.

Quantitative comparisons with state-of-the-art methods are reported
in Table D.9 and Table D.10. In both cases, our approach outperforms
previous works across all metrics and nearly all evaluated settings, con-
firming the findings presented in the main paper.

Appendix E. Additional Qualitative Results

This section presents additional qualitative results, complementing
those shown in 5. Fig. E.9 reports qualitative predictions from all com-
peting methods across the three main datasets (GlaS Sirinukunwattana
et al., 2017, PH2 Mendonca et al., 2013, and HMEPS Mazziotti et al.,
2021). For each dataset, we include qualitative examples corresponding
to the 1%, 5%, and 20% labeled regimes, which reflect increasing levels
of segmentation difficulty.
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Fig. E.9. Qualitative comparisons across the Gla$S (Sirinukunwattana et al., 2017), PH2 (Mendonca et al., 2013), and HMEPS (Mazziotti et al., 2021) datasets. For
each dataset, we show examples from the 1%, 5%, and 20% labeled regimes, illustrating increasing segmentation difficulty. Each row includes the input, ground
truth, predictions from all competing methods, and the output of the proposed approach.
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