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Abstract

Deep learning has achieved remarkable success across a wide range of tasks, yet
its dependence on large-scale, fully annotated datasets remains a critical bottle-
neck, especially in scenarios where annotations are expensive, ambiguous, or hard
to obtain. This thesis investigates strategies to mitigate annotation scarcity by de-
veloping methods that learn effectively from limited supervision, with a particular
focus on unsupervised domain adaptation, open-set recognition, and weak supervi-
sion. Firstly, this thesis addresses the challenge of source-free open-set unsupervised
domain adaptation, where no access to source data is available and the target do-
main contains previously unseen classes. This research proposes a methodology
that takes advantage of the granularity of unknown categories by segregating their
samples into multiple unknown classes, enabling robust adaptation with new seman-
tics. Moreover, this thesis explores the role of textual information for guiding the
adaptation of visual models under complex domain shifts. We show that integrat-
ing textual data provides robustness to complex shifts, improving the unsupervised
adaptation on target domains. Finally, this thesis explores the possibility to per-
form density estimation requiring in the absence of location-level annotations. We
introduce a novel approach that leverages global image-level information to predict
spatially meaningful density maps, achieving competitive results with significantly
reduced annotation cost. Overall, this thesis contributes to improving deep learn-
ing training in scenarios where annotated data is scarce or only partially available,
enabling broader real-world applications in resource-limited domains, such as health-

care, agriculture or autonomous systems.
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Chapter 1

Introduction

1.1 Motivation

Deep learning has penetrated in several fields by achieving state-of-the-art perfor-
mance across a wide range of applications [1, 2, 3, 4, 5, 6, 7, 8]. However, these
successes are largely correlated with the availability of large-scale, fine-grained and
fully annotated datasets. In many real-world applications, acquiring such detailed
annotations is a significant bottleneck due to the immense cost, time, and expertise
required. This dependency on extensive labelled data limits the scalability and ac-
cessibility of deep learning solutions, especially in domains where data annotation
is expensive, ambiguous, or even infeasible.

For instance, in medical imaging, annotations often require highly trained spe-
cialists, such as radiologists or pathologists, to label complex anatomical structures
or pathological findings [8]. The annotation of each image can take substantial
time, and when scaled to thousands or millions of images, the cumulative effort
extends over months or years, leading to considerable financial costs [9]. Moreover,
ensuring annotation quality often involves multiple rounds of review to correct er-
rors and reduce subjectivity, imposing further operational expenses [10]. Finally.
the variability in expert annotations can also reduce the effectiveness and reliability
of the training of such deep learning models [11]. Similarly, autonomous driving
and robotics domains generate enormous volumes of data, such as sensors acquisi-
tion, images, videos or LIDAR scans. This data requires detailed annotations to
be effectively used by deep learning algorithm for solving a large number of tasks.
Annotating such datasets manually is extremely labor-intensive and costly and lags

behind with data collection rates [10]. Other fields such as remote sensing, natural



Chapter 1. Introduction 2

TRANSFER LEARNING

SOURCETASK

SOURCE MODEL

% mmmmeemmnd PREDICTION

l knowledge transfer

SOURCE
DATASET

TARGETTASK

TARGET MODEL

% mammeeemd  PREDICTION

Figure 1.1: Transfer learning aims at transferring knowledge acquired by a model on a
labeled source task, to make it working effectively on a target task without requiring
labeled data for the target task.
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language processing, and industrial inspection face analogous challenges. Satellite
imagery annotation demands significant domain knowledge to label land use pat-
terns or environmental changes accurately. Audio and video data require precise
temporal labeling, demanding both expertise and intensive labor [11]. As a result,
reducing the annotation burden is both a practical necessity and a major focus of
research in deep learning. Indeed, reducing the annotation cost allows a rapid spread
of deep learning-based technologies, obtaining tangible benefits in multiple critical
domains.

One key strategy that has emerged is transfer learning, which leverages knowl-
edge acquired from labeled data in a related source task to improve learning in a new
target task with fewer annotations. A schematic representation of transfer learning
is offered in Figure 1.1.

Within transfer learning, domain adaptation (DA) specifically addresses the case
where the source and target tasks remain the same, but the underlying data distri-

butions differ due to what is commonly referred to as domain shift. Domain shift
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may arise from variations in visual appearance, differences in data acquisition proto-
cols, or gaps between synthetic and real data. In this setting, a deep learning model
is trained on a labeled source domain and adapted to generalize to an unseen, un-
labeled target domain [12]. By aligning the source and target distributions, domain
adaptation methods reduce the reliance on large-scale annotation in every new envi-
ronment, thereby lowering annotation costs, improving scalability, and accelerating
the deployment of AI systems in real-world applications.

Other paradigms to reduce the burden of collecting annotated data are weak
supervision and semi-supervision that leverage less detailed or noisier labels, such
as image-level or partial annotations, or even completely unlabeled data combined
with a small amount of high-quality labels [13, 14]. These methods aim to extract
maximal learning signals from minimal annotations, thus reducing the time and
expense associated with labeling while maintaining competitive performance.

More recently, the advent of large foundation models [15] has further revolution-
ized the applicability of Al frameworks in real world applications. These models are
pre-trained on vast amounts of unlabeled data across multiple domains and modal-
ities and they provide powerful, generalized representations that can be fine-tuned
efficiently on target tasks with only modest annotation, drastically lowering the an-
notation barrier. A pictorial representation of differences between transfer learning,
domain adaptation, weak-supervision and foundation models is shown in Figure 1.2.

This thesis is motivated by the pressing need to overcome the bottleneck of lim-
ited data annotation and it focuses on learning paradigms that operate with minimal
supervision, including unsupervised domain adaptation, open-set recognition, and
weakly supervised learning. These approaches aim to enhance model adaptabil-
ity, robustness, and generalization, even when available annotations are partial or
outdated.

1.2 Objectives

This thesis explores solutions for addressing fundamental challenges associated with
the cost of collecting fine-grained annotated dataset and the necessity of training

deep learning models with limited human-derived supervision. With this purpose
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Figure 1.2: (a) Transfer Learning transfers knowledge from a labeled source task to a
target task; (b) Domain Adaptation adapts a model trained on a labeled source domain
to an unlabeled target domain under domain shift; (c¢) Weak-supervision leverages weak
or noisy labels instead of full supervision; (d) Foundation Models are pretrained on large-
scale labeled data and directly applied to downstream tasks.

this thesis aims at improving the understanding and effectiveness of deep learning

solutions achieving the following objectives:

e Enhance the effectiveness of deep learning methods in scenarios with limited
annotated data and the presence of novel and unseen categories: we propose
a novel source-free open-set unsupervised domain adaptation approach that
significantly improves performance under these conditions. Our goal is to
improve knowledge transfer from pretrained models without requiring access
to annotated source datasets, even n presence of novel and unseen categories.
Achieving this objective will expand the applicability of deep learning solutions
across industrial domains where annotated data is scarce and the ability to

handle unseen objects is essential.

e Explore the integration of language to enhance deep learning models across
diverse geographical regions: we propose a novel unsupervised domain adap-
tation method that incorporates the language modality to improve the ro-
bustness of deep learning models when handling data from different countries
worldwide. Our objective is to facilitate knowledge transfer from pretrained
models trained on data collected in one region to effectively adapt to data from
entirely different countries. This approach aims to enable the deployment of
deep learning solutions in underdeveloped regions where obtaining annotated

datasets is particularly challenging.
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e Develop a weakly supervised crowd density estimation pipeline that does not
require location-level annotations: we propose a novel framework for crowd
density estimation capable of predicting spatially meaningful density maps
while relying solely on count-level annotations during training. This approach
significantly reduces the annotation cost and effort typically associated with
fine-grained labelling, as count-level data can be more easily collected across
various domains, including surveillance and medical scenarios. By minimizing
the need for location-level annotations, our goal is to enable a wider use of
crowd density estimation technologies in contexts where the cost and effort of

acquiring fine-grained annotated datasets is unsustainable.

e Investigate generative models for effortless dataset augmentation in medical
imaging: we explore diffusion models to temporally model MRI trajectories
associated with neurodegenerative diseases. Our objective is to demonstrate
how generative models can serve as effective tools for synthesizing new, unseen

data in contexts where data acquisition is challenging, such as medical imaging.

By achieving these objectives, this thesis seeks at promoting to encourage the
broader use of deep learning frameworks in challenging scenarios characterized by
limited labelled data, the presence of novel and unseen categories, cross-geographical
data variability and weaker forms of supervision. Moreover, this thesis provides so-
lutions that enhance the applicability of these technologies in critical domains such

as surveillance and medical imaging.

1.3 Contributions
The primary contributions of this thesis can be summarized as follows:

e A novel source-free open-set unsupervised domain adaptation framework: We
introduce a method that enables effective knowledge transfer from pretrained
models without access to source domain data, while robustly handling previ-

ously unseen classes through segregation of unknown categories.

e A multimodal domain adaptation approach integrating language modality:

This work demonstrates how incorporating textual information improves the
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robustness and generalization of unsupervised domain adaptation across di-

verse geographical and cultural data distributions.

e A weakly supervised crowd density estimation pipeline: We propose a frame-
work that relies solely on count-level annotations to generate spatially mean-
ingful density maps, significantly reducing annotation costs by eliminating the

need for fine-grained location-level labels.

e Exploration of diffusion-based generative models for medical imaging data
augmentation: The thesis investigates how diffusion models can temporally
model MRI trajectories in neurodegenerative diseases to synthetically augment

datasets.

The findings and contributions of this thesis have been disseminated through the

following publications:

e Mattia Litrico, Davide Talon, Sebastiano Battiato, Alessio Del Bue, Mario
Valerio Giuffrida, Pietro Morerio, ” Uncertainty-guided Open-Set Source-Free
Unsupervised Domain Adaptation with Target-private Class Segregation” [16].

International Journal of Computer Vision, 2025.

e Mattia Litrico, Mario Valerio Giuffrida, Sebastiano Battiato, Devis Tuia, " TRUST:
Leveraging Text Robustness for Unsupervised Domain Adaptation” [17]. AAAI
Conference on Artificial Intelligence, 2026.

e Mattia Litrico, Feng Chen, Michael Pound, Sotirios A Tsaftaris, Sebastiano
Battiato, Mario Valerio Giuffrida, "COUNT2DENSITY: Crowd Density Es-
timation without Location-level Annotations” [18]. Under Review, Pattern
Recognition, 2025.

e Mattia Litrico, Francesco Guarnera, Mario Valerio Giuffrida, Daniele Ravi,
Sebastiano Battiato, "TADM: Temporally-aware Diffusion Model for Neu-
rodegenerative Progression on Brain MRI” [19]. International Conference on

Medical Image Computing and Computer-Assisted Intervention, 2024.

e Mattia Litrico, Francesco Guarnera, Mario Valerio Giuffrida, Daniele Ravi, Se-

bastiano Battiato, ” Temporally-Aware Diffusion Model for Brain Progression
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Modelling with Bidirectional Temporal Regularisation” [20]. Under Review,
Computerized Medical Imaging and Graphics, 2025

1.4 Thesis Outline

The reminder of this thesis is organized as following:

e Chapter 2 presents an in-depth analysis of the current state-of-the-art.

e Chapter 3 describes our study on using pseudo-labels for source-free open-set

unsupervised domain adaptation.

e Chapter 4 presents our proposed solution to unsupervised domain adaptation

under complex shifts leveraging the language modality.

e Chapter 5 explores our study on using only count-level annotations for density

estimation.

e Chapter 6 concludes the thesis by summarizing key findings and outlining

future research in the domain.

e Appendices A and B present two other studies where we propose two solutions

to use generative models for efficient dataset augmentation in medical imaging.
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Related Works

2.1 Unsupervised Domain Adaptation

Unsupervised Domain Adaptation (shorten in UDA) aims to adapt a model trained
on a labelled source domain to generalise well on an unlabelled target domain, in
the presence of domain shift across the two domains [21]. Earlier UDA approaches
focused on aligning statistical distributions [22]. More recent methods proposed
domain alignment strategies, including Maximum Mean Discrepancy [23, 24], ad-
versarial learning [25, 26|, clustering [27, 28] and self-training [29, 30]. Other works
leveraged generative models [31] and transformers [32, 33] to learn the underlying
distributions of data using the generation process or the attention mechanism. How-
ever, all these methods required the access to both source and target data during

the adaptation.

2.1.1 Source-free Unsupervised Domain Adaptation

Recently, some Source-free adaptation methods have been proposed, adapting to the
target domain using only the source model and unlabelled target data [34, 35, 36,
37, 38, 39, 40, 29]. TENT [35] and SHOT [36] introduced entropy minimisation and
pseudo-labeling. On-target [40] proposed to combine a pseudo-labels generation and
a self-supervised task, but the pseudo-labels are not refined during the adaptation.

Instead, [29] proposed a self-supervised strategy to refine the pseudo-labels.
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2.1.2 Open-set Domain Adaptation

The assumption that both source and target domains share the same label space may
not hold in several real-world scenarios, where the target domain can contain classes
that are not included in the source domain. In the literature, such classes are referred
to as target private (or simply private) or unknown. Open-set domain adaptation
aims to transfer knowledge from a source domain to a target domain containing
private classes. Recent works mainly focus on separating the known and unknown
samples in the target domain [41, 42, 43, 44] or aligning the known distributions [43,
45]. Differently, [46] proposed to use word-prototypes based on mid-level features,
which are more robust to the negative transfer to perform a subsidiary prototype-
space alignment. UADAL [42] proposed to segregate the unknown classes leveraging
a 3-way adversarial learning among the source, the shared, and unknown classes of
the target. However, all these methods assume the availability of source data during
the adaptation, i.e. they are not source-free.

More recently, [47, 39, 48] proposed source-free strategies for the open-set domain
adaptation setting. However, these approaches rely on ad-hoc pre-training strategies
on the source domain that assume the awareness of the presence of unknown classes
in the target during the pretraining.

For example, OneRing [47] pretrained a classifier on the source data with an
extra class to empower the model to better segregate target-private samples during
adaptation. In [39, 48], the authors leverage a weighting scheme and feature-splicing
to avoid negative transfer, but they generate extra training samples of unknown
categories during pretraining on the source domain, facilitating the separation of
private classes in the target domain. Differently, our method makes no ad-hoc
assumptions on the training in the source domain, providing a more general approach
to this challenging setting, widening its application.

The use of ad-hoc training strategies has been considered as a weaknesses also
in the recent literature. For example, SHOT [36] and AaD [49] use a separation
criterion based on the entropy of predictions, to distinguish between shared and
unknown classes. Instead, USD [50] proposed to segregate private samples based on
Jenson-Shannon divergence. However, since these separation criteria are computed
on model outputs, they are easily affected by confirmation bias. More recently,

GLC [51] introduces a global adaptive one-versus-all clustering to initially assign



Chapter 2. Related Works 10

pseudo-labels for known vs unknown classes in the target. To enhance robustness, a
local k-NN refinement step smooths assignments among neighbors, mitigating noise
and improving separation. Differently, LEAD [52] uses orthogonal feature decom-
position orthogonal decomposition to construct source-known and unknown space.
To identify target-private samples, it computes instance-level decision boundaries

based on distances in these constructed spaces.

2.1.3 Self-supervised Learning and Pseudo-Labelling

Self-supervised methods are successful in learning transferable representations of
visual data [53, 54, 55, 56, 57, 58, 59, 60, 61]. Specifically, [54, 56, 58] use contrastive-
based pretext tasks to enhance the generalisation ability of deep models. Moreover,
several recent self-supervised approaches have been utilised within UDA [62, 63] and
SF-UDA [34, 40, 29, 64] settings. On the other hand, pseudo-labelling is a simple
but effective technique used in semi-supervised [65, 66] and self-supervised learning
[53], as well as in domain adaptation [36, 67, 40, 29]. It consists in using labels
predicted by the model as self-supervision. Fix-Match [66] and On-target [40] take

advantage of pseudo-labels without any refinement during training.

2.1.4 Learning from Noisy Labels

Noisy training sets often result in poorly trained models. In [68], the authors demon-
strated that a deep neural network can easily overfit an entire dataset with any ratio
of corrupted labels, resulting in a poor generalisation on test data. To address this
problem, different approaches have been proposed focusing on noise-robust losses
[69, 70, 71, 72], estimation of the noise-transition matrix [73], reweighting of the
loss based on the reliability of samples [74, 75, 76], as well as the selection of clean
data from noisy samples [77, 78]. In [77, 78], the authors proposed sample selection
strategies based on the loss, but they require multiple deep neural networks to make
the selection more robust, leading to an increase of the computational cost of the
method. Furthermore, the sample selection is based on the loss, which is computed
with noisy labels that are not refined during the training. This implies that the
amount of noise in the labels will not be reduced and the selection will be highly

affected by the noise. Lastly, NEL [79] combined a negative learning loss with a
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pseudo-labels refinement framework based on ensembling. Negative learning [72]
refers to an indirect learning method which uses complementary labels to combat

noise.

2.1.5 Textual Guidance for Unsupervised Domain Adapta-
tion

Typically, UDA approaches solely operate on the image space, which has been
demonstrated to be suboptimal for complex shifts [80]. Differently, Chen et al.
[81] proposed to integrate a large language model (LLM) for UDA. Instead, other
works [82, 83, 84, 85] leveraged the language modality for domain generalisation,
but they rely only on short class descriptors, which are not semantically rich as
crowd-sourced text. For example, Goyal et al. [86] used class names as text de-
scriptors, which are less semantically informative than free-form texts. To overcome
these limitations, LaGTran [87] used image captions to generate pseudo-labels as a
source of supervision for target samples. However, given the uncurated nature of
the captions, the generated supervision may be incorrect, often leading to overfitting

the introduced noise.

2.1.6 Visual Language Models in Knowledge Transfer

Vision-Language Models (VLMSs), such as CLIP [88] and ALIGN [89], demonstrated
great success in capturing modality-invariant features, opening new avenues for
knowledge transfer. Some works [90] leveraged the zero-shot ability of VLMs, di-
rectly applying them to the target domain. In [91], the authors used prompt or
adaptor learning to fine-tune the VLM to the target domain in a semi-supervised
fashion. DAPL [92] learned domain-specific prompts to separate domain and class
information in the CLIP visual feature space. DIFO [93] used prompt learning to
adapt the VLM to the target domain and then distilled the VLM knowledge to a

target model.
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2.2 Learning from Weak Supervision

Weakly supervised learning (WSL) has garnered significant attention in the com-
puter vision community in recent years. A wide range of methods have been pro-
posed over the past decade to tackle complex tasks such as semantic segmentation
[94], object detection [95] or 3D reconstruction [96], using only limited supervi-
sion. In WSL, the learning process relies on partial or coarse annotations—such as
image-level labels or sparse object location information—available only for a subset
of the training data. Compared to fully supervised learning, which requires exten-
sive pixel-level or bounding-box annotations, WSL significantly reduces the burden
of manual labeling by leveraging weaker forms of supervision. This is particularly
advantageous in scenarios where acquiring fine-grained annotations is prohibitively
expensive, time-consuming, or impractical at scale. This thesis focuses on exploring

the WSL paradigm in the context of crowd density estimation.

2.2.1 Crowd Density Estimation

Density estimation has achieved great success in crowd counting due to its robust-
ness in handling crowded scenes and complex backgrounds. From a computer vision
perspective, perspective distortion, caused by varying filming angles and distances,
poses a significant challenge. Some research has addressed this distortion by using
perspective maps for additional supervision [97], while other studies have proposed
perspective-map-free approaches [98]. In [98], a multi-column network with different
convolutional kernel sizes in each branch of the model was introduced to capture
multi-scale information. In [99], the authors proposed a context-aware model to
adaptively handle scale variations. Recent works [100] also leverage transformer-
based models to capture global relationships in crowd counting. More recently,
CrowdDiff was proposed, where a diffusion model is trained to generate multiple
hypotheses of crowd density [101]. These approaches require location-level supervi-
sion during training. Given the difficulty and cost of collecting such annotations,

other methods have been developed to learn from limited supervision.
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2.2.2 Crowd Density Estimation from Limited Location-level

Annotations

Unsupervised strategies for crowd density estimation have been proposed, but they
generally yield unsatisfactory performance [102]. Semi-supervised approaches, on
the other hand, have achieved better results. L2R [103] leverages the abundant
availability of unlabelled crowd images by learning to rank. MATT [104] uses both
location-level and count-level annotations, promoting consistency between predic-
tions generated by multiple auxiliary tasks. TRAST [105] is a self-training method
that incorporates inter-relationships between different predictors to produce reli-
able pseudo-labels for semi-supervised learning. GP [106] is another semi-supervised
crowd counting method that estimates pseudo-labels through a Gaussian Process-
based iterative learning mechanism. AC-AL [107] introduces an active learning frame-
work to gradually collect point annotations. A different approach is taken by PAL
[108], where a deep neural network for density estimation is trained with partial
annotations, requiring only a small, annotated region in each image. While semi-
supervised methods reduce the reliance on extensive location-level annotations, they
still necessitate a subset of location-level labels to produce meaningful density maps.
Another way to alleviate the need for location-level annotations is through cross-
domain learning, such as domain adaptation [109], where a model is trained on a
fully annotated source domain and then adapted to an unlabelled target domain.
Unlike these methods, COUNT2DENSITY generates meaningful density maps with-

out requiring any location-level annotations.

2.2.3 Crowd Density Estimation from Count-level Annota-

tions

Approaches that rely solely on count-level annotations are typically categorised as
weakly supervised methods [110, 111]. These methods are primarily regression-
based, meaning they predict the total number of people in a scene. Given their
significance in the field, it is important to review the literature on regression-based
approaches. In [112], the authors propose a regression-based weakly supervised
method that uses a sorting network to improve crowd counting. In [113], multiple

specialized CNNs are used, which are adaptively selected based on the appearance
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of an image through a gating network. In [110], the authors introduce a strategy for
crowd counting using a large number of ranking labels and a few images annotated
with count labels. Transformer-based weakly supervised approaches have also been
proposed, such as [114]. Although these methods predict accurate crowd counts,
they infer density maps from feature activations. However, this approach to esti-
mating density maps loses quantitative spatial information, as feature map values
exhibit different statistical characteristics than density values, which impedes sub-
region counting. In contrast, our method leverages only count-level annotations and
directly predicts meaningful density maps, where values are correlated with crowd

density. This also enables subregion counting by integrating over areas of interest.
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Chapter 3

Leveraging Pseudo-labels for
Source-free Open-set

Unsupervised Domain Adaptation

This chapter presents a novel source-free open-set unsupervised domain adapta-
tion framework designed to address the challenges of lack of source data during the
adaptation and the presence of unseen categories in the target domain. This chapter
details the development and evaluation of a method that enable effective knowledge
transfer from pretrained models without requiring access to source domain data,
while robustly segregating unknown classes. In particular, we expose limitations of
existing approaches that isolate novel classes in a single unknown category, encour-
aging a poor granularity in the learned features.

This work is the extension of our previous conference paper.! The finding and

contributions of this chapter have been accepted to an international journal. 2

3.1 Introduction

Deep learning methods achieve remarkable performance in visual tasks when train-
ing and test data share a similar distribution. However, learning approaches struggle

to generalise in presence of domain shift [115, 116], i.e. data coming from different

!Mattia Litrico, Alessio Del Bue, Pietro Morerio, ” Guiding Pseudo-Labels With Uncertainty
Estimation for Source-Free Unsupervised Domain Adaptation”. IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, 2023.

2Mattia Litrico, Davide Talon, Sebastiano Battiato, Alessio Del Bue, Mario Valerio Giuffrida,
Pietro Morerio, ” Uncertainty-guided Open-Set Source-Free Unsupervised Domain Adaptation with
Target-private Class Segregation” [16]. International Journal of Computer Vision, 2025.
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distributions, such as different illumination conditions, imaging modalities or styles.
To this end, Domain Adaptation (DA) takes advantage of the knowledge learned
on a source domain to aid the learning in a different yet related target domain.
As the considerable cost of data collection and annotation limits the availability of
large amounts of target data for supervised adaptation, DA focuses on leveraging
unsupervised target data for knowledge transfer across domains. In particular, Un-
supervised Domain Adaptation (UDA) aims to transfer the knowledge learned on
a labelled source domain to an unseen target domain without requiring any target
label [21, 117, 118, 119, 120, 121, 122].

Most UDA techniques typically rely on two strong assumptions on the data. On
the one hand, they require simultaneous access to source and target data during
the adaptation, hindering the deployment in applications where data privacy or
transmission bandwidth become critical issues. To overcome this assumption, recent
efforts focused on the setting of Source-free Domain Adaptation (SF-DA) [30, 34, 35,
36, 37], where source data is no longer accessible during the adaptation phase, but
only unlabelled target data is available. On the other hand, most UDA algorithms
assume a closed-set setting, i.e. the two domains share the same class space. Despite
the adaptation to the new domain, the transferred source model has no capability
to make predictions for novel /unseen classes. This severely limits their applicability
in real-world scenarios [44, 123], where the target domain might contain unknown
classes that are not present in the source data. To overcome this second assumption,
Open-set Domain Adaptation (OSDA) [41, 42, 43, 44, 123]| aims to empower the
adapting model with the ability to recognise novel-class samples in the target domain
as unknown. In this scenario, the target dataset contains both classes already seen
in the source domain (shared classes), as well as novel classes that are not present
in the source (private classes).

In [43, 44], the authors used adversarial learning to align the source domain
with the portion of the target domain sharing the same classes, excluding the target
private classes, leading to a poor decision boundary. To avoid this issue, Jang et
al. [42] included target private classes in the adversarial learning to align the source
domain with shared classes, while segregating private samples in unknown classes.
However, all these previous works are not source-free, learning from source and

target data simultaneously.
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The Source-Free Open-set Domain Adaptation (SF-OSDA) addresses both chal-
lenges, assuming that the adaptation process has no access to source data in pres-
ence of private classes in the target domain. Although this joint setting is under-
explored, some recent approaches [36, 49, 50] have been proposed. However, these
approaches consider samples from target-private classes as outliers and cluster them
into one “unknown” class. We hypothesize that gathering semantically different
target-private samples into a single class induces a degradation of the feature space.
Additionally, to segregate samples of unknown classes, previous approaches rely on a
statistic-based separation criterion computed on the outputs of the adapted model,
often leading to the so called negative transfer, a consequence of the well-known
confirmation bias [124]. This means that the model relies on its noisy outputs dur-
ing the adaptation process, increasing the confidence in wrong predictions. For all
intents and purposes, the model tends to overfitting its own noise.

In this work, we propose a novel Source-free Open-set Domain Adaptation ap-
proach that, leveraging the granularity of target-private classes, segregates their
samples into multiple clusters, resulting in a more effective adaptation compared
to previous works. As a by product, this strategy also allows the discovery of the
underlying semantics of novel classes. As an extension of [30], our method produces
pseudo-labels for all target samples and progressively refines them using the consen-
sus from neighbours samples. However, differently from [30], the initial pseudo-labels
assignment (which also includes target private classes) is obtained by clustering the
features space spanned by the source model, rather than directly using its pre-
dictions. A subset of the obtained clusters centroids is matched with the source
model prototypes computed from the classifier weights. The unmatched centroids
are treated as new prototypes of the target private classes and used to initialise the
columns of the classifier weights corresponding to the unknown classes. Differently
from the state-of-the-art, this strategy does not require any separation criterion to
distinguish between samples of shared and unknown classes, limiting the negative
effects of the confirmation bias.

The pseudo-labels produced during the adaptation are inevitably affected by
the so called shift noise [125], namely the noise caused by the domain shift, here
further intensified by the presence of novel classes in the target. Moreover, the initial

clustering-based assignment could also introduce some noise, potentially leading to
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classify an entire shared class as unknown or viceversa. To mitigate the effects of
such noise, we perform an uncertainty-based samples selection to discard sample
with unreliable (and possibly noisy) pseudo-labels. To that end, we propose a novel
uncertainty estimation solution, which extends the one used in [30] that was not
devised to handle this scenario. The uncertainty of the pseudo-labels is measured by
analysing the consensus of neighbours samples predictions, and the relative distances
of samples with respect to the class prototypes. Such newly introduced strategy
assigns low uncertainty values when samples are close to one prototype, while being
far from the others. Contrarily, when the distance values are similar, samples will
have a high uncertainty and their pseudo-labels are considered unreliable.

To obtain a regularised features space where neighbours samples are semanti-
cally similar, we leverage a self-supervised contrastive learning framework together
with a negative pairs exclusion strategy. Differently from [30], we introduce the
NL-InfoNCFELoss, a novel contrastive loss that integrates the principles of negative
learning in the standard contrastive loss [29]. By empowering the standard loss with
the well known benefits of the negative learning paradigm [126, 79], this formula-
tion increases the robustness of the contrastive framework to the noise inevitably
affecting the pseudo-labels.

Extensive experiments demonstrate the effectiveness of our method in the chal-
lenging setting of SF-OSDA, obtaining competitive results on three major bench-
mark datasets. Specifically, our method achieves comparable performance with the
most recent baselines on Office31 [127] and Office-Home [128] and it sets the new
state-of-the-art on the large-scale dataset VisDA-C. Ablation studies show the effec-
tiveness of the new components in handling the issues introduced by the presence of
novel classes in the target domain. Notably, additional analyses show the ability of
our model to classify samples from target-private classes, meaning the model learned
the underlying semantics of novel classes without being explicitly optimised for that
task.

3.2 Proposed Method

This section presents our approach to the SF-OSDA problem in classification tasks,
which is depicted in Fig. 3.1. Differently than other approaches [47, 39, 48], our
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model is firstly trained on a source domain without using any ad-hoc training strate-
gies. Then, at the beginning of the adaptation process, the pretrained source model
extracts the features for each of the unlabelled target samples. A clustering-based
strategy on target features roughly detects samples from private classes and pro-
vides an initial pseudo-labels assignment on the target samples (Section 3.2.2). Due
to the domain shift between source and target domains and the presence of un-
known class samples, this initial assignment is unreliable. Therefore, we mitigate
the impact of the noise in the pseudo-labels by refining them and selecting reliable
samples for the training. On the one hand, the nearest neighbors voting scheme in
Section 3.2.3 progressively refines the pseudo-labels according to a majority rule.
On the other, in Section 3.2.4 we select reliable pseudo-labels with low uncertainty,
which are then used in the adaptation process. The contrastive scheme proposed
in Section 3.2.6 enforces the underlying assumption of the pseudo-labels refinement
process: samples of the same class should be close in the target feature space. In
Section 3.2.5, we leverage the pseudo-labels to adapt the model to the target do-
main through a negative learning classification loss. In Section 3.2.7, we provide
the overall training objective that progressively refines the noisy pseudo-labels and
segregates target-private samples, while aligning the pretrained model to the target

domain.

Problem formulation. Let Dy be the labelled source dataset including pairs
{zs,ys}, where z, € X, and y, € ), are images and ground-truth labels, respec-
tively. Due to the source-free constraint, the source data D; is not available during
adaptation. Similarly, let D, be the target data composed of images {z;} only, with
x; € X;. The open-set scenario assumes that ), C ), where Cs := YV, N ), and
Cp := Vi \ Vs are the set of shared and private classes, respectively. The set of all
classes C'is given by C' = Cs U Cp. The source model gs(-) = hs(ps(+)) is composed
of a features extractor ¢, : X — RP and a classifier h, : R” — RI®s| where D is the
size of the features space. Without loss of generality, we assume that the weights
of the classifier are characterised by a matrix W € RP*ICsl We will refer to each

column ¢ of the weight matrix W{i] as a shared class prototype.
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Figure 3.1: Overview of the proposed adaptation approach. (a) Target samples are clus-
tered based on the features extracted from the pretrained source model, to provide an
initial pseudo-labels assignment. Next, clustering allows the identification of class cen-
troids (coloured shapes), which are matched against the most similar prototypes of shared
classes. Such prototypes are taken as the columns of weight matrix W of the classifier
(BLUE clusters). Since the target domain has more classes than the source domain, some
clusters are left out from this matching, which will be treated as target-private classes
(YELLOW clusters). (b) After the refining of the pseudo-label, its uncertainty is estimated
using two approaches. Neighbours consensus: the uncertainty is determined by analysing
the consensus of neighbours on the refined pseudo-label. Class separation: the model
uncertainty is estimated based on the distance w.r.t. the two closest class prototypes. A
novel contrastive loss (NL-InfoNCELoss) gathers same-class samples in the features space,
while being robust to noisy pseudo-labels.

3.2.1 Leveraging the granularity of target-private classes

Open-set source-free domain adaptation considers a two-steps approach. In the first
stage, a model is trained on large labelled source data. Without further access
to the source samples, the second step adapts the source model to the unlabelled
target domain. During the (pre-)training on the source dataset, the classifier hg
is trained to accommodate the classes in Cg, i.e. the shared classes. The target
domain contains not only the classes in C's, but also includes a set of private classes
Cp.

Previous works usually train models to segregate samples from target-private
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classes into a single “unknown” class, which is more affine to outlier-detection.
While samples from shared classes are separated with respect to their semantics,
this strategy forces the model to aggregate samples from target-private classes into
a single class, independently from their semantics. Our hypothesis is that this af-
fects the learned feature space, leading to a suboptimal geometry, where samples
with possibly very different semantics are grouped together. Moreover, this strat-
egy hinders the possibility to discover the underlying semantics of novel classes. To
solve this issue, we design our model to leverage the granularity of target-private
classes by segregating their samples into multiple unknown classes. This choice has
the side effect of learning a features space where samples from private classes are
aggregated based on their semantics, as discussed in Section 3.3.2. Hence, before
the adaptation process, we craft a new classifier h; whose weight matrix is made of
two parts, such that Wp = [Wg|Wp]|. The set of weights W is initialised by tak-
ing the pretrained weights from h,, whereas Wp is randomly initialised with values
sampled from a uniform distribution. This means that we augment the pretrained
classifier by adding a certain number of columns matching a plausible number of
private classes |Cp| in the target domain. Note that |Cp| is arbitrarily chosen, as
the real cardinality of the target private classes is unknown. In Section 3.3.2, we
analyse the performance with different values for |6p|. Using the extended classifier
hy, we use the model hy(ps(+)) for an initial pseudo-label prediction in the target
dataset X; (Fig. 3.2(a)).

3.2.2 Clustering-based Target Model Initialisation

Since the pretrained model has never seen any of the private classes Cp and the
classifier h; is randomly initialised for its extended portion, most of the samples
from private classes will be predicted into the shared classes. This will produce a
certain amount of incorrect pseudo-labels, as shown in Fig. 3.2(a). To alleviate this
problem, we propose a clustering-based solution to discover suitable prototypes for
the private classes C'p, and thus initialize Wp in a more convenient way. This will
produce a better initial pseudo-labels assignment. The idea of using a clustering
approach builds on the observation that the features of target samples (both from
shared and private classes) are characterised by a low intra-class variability (c.f.

Fig. 3.2(a)). Therefore, a standard unsupervised clustering algorithm can, to some
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Figure 3.2: The extended source model h; incorrectly classifies samples from private classes
as belonging to shared ones. Nonetheless, samples from both shared and private classes
exhibit a low intra-class variability. Building on this observation, we cluster the feature
space to perform an initial pseudo-labels assignment on the target domain. The figure
shows the initial identification of target-private samples using clustering. In (a) and (b)
coloured samples belong to target-private classes, while GRAY samples belongs to shared
classes. The colour of samples represents the predicted class. For visualisation purposes,
all samples predicted in a target-private class are represented in the BLUE class. The
e symbol represents correct predictions, whereas the x represents incorrect predictions.
While the source model cannot correctly assign target-private samples, the clustering
leverages the structure in the features space to aggregate private samples and provides a
good pseudo-labels initialisation. In fact, after the clustering, more target-private samples
are correctly classified in the BLUE class. Nonetheless, pseudo-labels still contain noise,
which is progressively reduced during training.

extent, group both shared and private target samples, providing the model with an
improved initial pseudo-labeling. Differently from other approaches [42, 43, 49], this
strategy avoids to rely on a separation criterion that hardly distinguishes whether
samples belong to shared or target-private classes.

However, a major drawback in utilising an unsupervised clustering algorithm is
the class misalignment, as there is no correspondence between the clusters and the
model classes and one needs to find the correct permutation which maps cluster ids
to class ids.®> To alleviate this problem, we leverage the pretrained source model g,
to align the shared classes Cs with a subset of clusters obtained by the clustering
algorithm. The remaining unmatched clusters are treated as unknown classes and
their centroids as novel prototypes for the initialisation of Wp, as depicted in Fig. 3.2.

More formally, we extract the features from the target samples z; = @s(zy), YV, €

AX; using the pretrained source feature extractor ¢,. At this point, we perform an

3In the classic example of cat vs. dog classification, there is no guarantee that a clustering
algorithm would assign cluster 1 to the class cat and cluster 2 to the class dog. As they can be
easily inverted, such class misalignment becomes more exasperate in the presence of more than 2
classes.
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unsupervised clustering over all the extracted features z; to obtain K centroids
p = ﬁzjaesk 20, where k € {1,2,..., K}, K = |Cs| + |Cp|, andASk is the set
of target samples assigned to the k-th cluster. Note that while |Cs| is known,
|c7p\ is arbitrarily chosen, since the real cardinality of the target private classes is
unavailable under the open-set setting. In Sec. 3.3.2, we analyse the performance
with different values for |6 p| (which implies in different K).

To account for the class misalignment, we align the shared classes with a subset
of the obtained clusters by computing the cosine similarity between the shared class
prototypes Wy[i] and the cluster centroids ¢, and we match each column in Wy with
the centroid with the highest similarity. This strategy solves the class misalignment
by determining a permutation that reorders the centroids c; according to their match
with shared class prototypes. Finally, centroids that have not been assigned to any
shared classes prototypes will be considered as discovered prototypes of the target-
private classes, and used to fill the columns of Wp (here the order of the clusters
does not matter). The refined model Wy = [Wg|Wp| is then used to produce an

initial pseudo-labels assignment, as detailed in the next section.

3.2.3 Pseudo-Label Refinement with Neighbours Consensus

Similar to [30, 29], the refinement of the pseudo-labels is accomplished by aggregat-
ing knowledge from nearest neighbour samples. The underlying idea is that similar
samples are likely to belong to the same class. We thus assume that features ex-
tracted from semantically similar samples lie close to each other in the feature space
and we further enforce this assumption by means of a contrastive learning loss, as
described in Sec. 3.2.6.

More formally, given a target sample z; and a random weak augmentation t,,
drawn from a distribution 7., we obtain a feature vector z; = ¢;(tyqe(z:)) from the
augmented image, which is used to search the neighbours of x; in the target features
space [30]. The pseudo-label of z; is refined by aggregating predictions from the
neighbours by soft-voting [129] as follows:

—(¢) 1 /(c)
= E . 3.1
pt |z-| pz ) ( )

i€T
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where Z is the set of indices of the selected neighbours, p’ is the softmax output,
and the superscript ¢ indicates the class index. To obtain a refined pseudo-label, we
find the class ¢ the maximum probability in Eq. (3.1), i.e. 7, = arg max, pﬁ”. The
refined pseudo-label is assigned to the sample x; and used as self-supervision signal
(see Sec. 3.2.7).

This refining process relies on a bank B of length M < |X}|, storing pairs
{2, p;-}j]‘il of features and softmax predictions. The neighbours of a sample z; are
then selected by computing the cosine distances between the features stored in the
bank. The |Z| samples with the lowest distance are selected as neighbours. Following
[59, 30], we use a slowly changing momentum model g;(-) := EMA[h:(¢:(+))] to up-
date features 2z’ and predictions p’, in order to maintain the information stored in the
bank stable during adaptation. A bank composed of M randomly selected samples
reduces the number of pairwise comparisons needed for finding the neighbours.
Bank initialisation with discovered classes prototypes. As described above,
the refinement of the pseudo-labels is performed by averaging neighbours proba-
bilities stored in B. In order to generate the initial pseudo-labels that reflect the
clusters obtained in Sec. 3.2.2, we need to initialise the bank accordingly. How-
ever, the clustering strategy we use in Sec. 3.2.2 produces class assignments for all
samples x; rather than probabilities. To overcome this issue, after the clustering
initialisation, we associate to each target sample a vector of probabilities propor-
tional to its similarity to the centroids c;. Given target features z; and centroids ¢,
we determined the probabilities vectors p’ as the per-class similarity between z; and
each centroid in ¢;. Formally, for each target sample, we obtain the probabilities

vector p’ to initialise the bank as follows:

CosDist(z, cx)

P=1- : A (3.2)
max CosDist(z,c),)
je{lr"'v‘cP‘}
where CosDist(z,c) =1 — TaTsT is the cosine distance and i is the class index.

Finally, to obtain probabilities p”, the vector p’ is provided to the softmax function

" = o(p'/my). Consequently, for all samples

o with a temperature parameter 7, p
x; the probability value for class ¢ will be proportional to the similarity between
the features z; = ¢;(z;) and the centroid of ¢. Also, the class with the highest

probability will be exactly the one assigned to the sample by the clustering strategy
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in Sec. 3.2.2.

3.2.4 Pseudo-labels Uncertainty in the Open-set Scenarios

The refined pseudo-labels y, are used as a self-supervision signal for a classifica-
tion loss on target data, as detailed in Sec. 3.2.7. However, such pseudo-labels are
not perfect, especially at the beginning of the iterative refining process, and thus
still contain noise. Therefore, using all of them in the classification loss will dis-
rupt adaptation, since the model would be trained with incorrect information. To
mitigate this, we perform a sample selection, in order to select samples with only
low uncertainty: these are selected stochastically via Bernoulli sampling, based on
the uncertainty of their pseudo-label, estimated in a twofold manner, as detailed in
subsequent paragraphs.

Uncertainty estimation via Neighbours Consensus. This first uncertainty
estimation method is taken from our previous work [30]. It estimates the uncer-
tainty of pseudo-labels (after their refinement) by measuring the consensus among
neighbours’ predictions. This strategy builds upon the hypothesis that if the neigh-
bourhood agrees on a predicted class, the derived pseudo-labels should be considered
reliable (low uncertainty). Otherwise, if the network predicts different classes for
neighbour samples, the obtained pseudo-labels should be considered unreliable (high
uncertainty). To this end, we compute the entropy H of p, (Eq. (3.1)) as an estima-
tor of pseudo-label uncertainty, noting that H yields low values in low uncertainty

cases, and high values otherwise. We define the uncertainty coefficient uj“ as follows:

are = TP (3.3)
log, |C]

While the uncertainty coefficient u}“ reduces the impact of the noisy pseudo-
labels in a closed-set scenario [30], we noted that it can fail to model uncertainty in
open-set scenario. In fact, during the initial clustering assignment, a cluster made of
target-private samples can be incorrectly assigned to any of the shared classes. This
is mainly due to the fact that the model has not been optimised to separate shared
and target-private classes during the pretraining on the source, implying that shared

and target-private clusters can lie very close in the feature space. In this scenario,
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Figure 3.3: Pseudo-label uncertainty via Class Separation. The uncertainty of the pseudo-
labels is estimated by computing the distance of samples from the two closest class proto-
types. If a sample is similarly distant in the features space from two classes, its pseudo-label
has high uncertainty. Contrarily, if a sample is close to one class and far from the other,
its pseudo-label has low uncertainty and we consider it as reliable.

all the samples of the clusters will share the same incorrect pseudo-label, making
the uncertainty estimation unsuccessful.

Uncertainty estimation via Class Separation. To tackle this problem, we pro-
pose a novel strategy to estimate the uncertainty of pseudo-labels that is well-suited
in a open-set scenario, by analysing the distance of samples to class prototypes, as
depicted in Figure 3.3. This new strategy is used in conjunction with the neighbour
consensus. We build upon the hypothesis that when two classes are close in the
features space, the distance of the samples from the two classes prototypes will be
similar. Contrarily, when those classes are clearly separated, the samples will be
close to one prototype and far from the other. Following this hypothesis, we con-
sider the former and the latter scenarios of high and low uncertainty, respectively.
In a situation where a cluster of target-private samples is so close to a shared class

that can be switched, the distances of samples to prototypes of the two classes will
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be similar, resulting in high uncertainty. More formally, for a target sample x; we
select from p, the indexes {i,j} of the two classes with the largest values as the
most probable pseudo-labels for the sample. Then we compute the cosine distance
between the features of the target sample z; = ¢;(x;) and the prototypes W[i] and

W1j]. Finally, we obtain the uncertainty value u$® as follows:

S — CosDist(z, Wi])
Y CosDist(z, WIi]) + CosDist(z, W[j])

(3.4)

Bernoulli Sampling. To improve the model robustness to the noisy pseudo-labels
for samples of both shared and target-private classes, we combine these two uncer-
tainty estimation strategies for selecting samples with the lowest uncertainty to be
used in the classification loss, as detailed in Sec. 3.2.7. Specifically, we compute the
probabilities wy¢ and wy® for a target sample to have a correct pseudo-label with

respect to both uy¢ and u§®, respectively:

wy = Fu) (3:5)
w = F(u*) (3.6)

where F is a monotonically decreasing function to assign high probabilities to sam-
ples with low uncertainty and viceversa. In Sec. 3.3.2, we analyse two choices for
F.

We select low uncertainty samples via Bernoulli sampling with probabilities wj*

and wy®, which are combined as follows:

M; = B(w;*) ® B(w}®) (3.7)

where B(p) € {0, 1} is the Bernoulli sampling with probability of success 0 < p <1
and & is a logical operator. In Sec. 3.3.2 we compare two choices for the operator
D.

Finally, we define U = {z} € X;|M; = 1} as the set of uncertainty-based selected
target samples. This set of samples is used during the adaptation process in the

classification loss, as detailed in the next section.



Chapter 3. Leveraging Pseudo-labels for Source-free Open-set Unsupervised 08
Domain Adaptation

3.2.5 Adaptation with Refined Pseudo-labels

The refined pseudo-labels obtained with neighbours’ knowledge aggregation are used
to compute a classification loss on target data to adapt the model to the new do-
main. We use the refined pseudo-labels g, obtained from a weakly-augmented image
twa(zy) as self-supervision for a strongly-augmented version tg,(x;). The refining of
the pseudo-labels is an iterative process, progressively improving the pseudo-labels
accuracy during training through several steps.

As in our previous work [30], in addition to the proposed sample selection and
exclusion strategies, to mitigate the effect of the noisy pseudo-labels, we use the
negative learning loss [72, 126] as classification loss. Differently from [72, 126],
which use the negative learning loss concurrently or alternating with a positive loss,
here we do not use a positive loss in the entire training. The used classification loss

is the following:
c

L = = Byeu| 3 log (1-p5,)] (3.8)
c=1

where §° is a complementary label § € {1,...,C} \ {y,} chosen randomly from the
set of labels and without the refined pseudo-labels; ps, = o (hy(i(tsa(t)))) is the
probabilistic output for the strongly-augmented image ts, (), and U is the set of
samples with low uncertainty, as detailed in Sec. 3.2.4. The random selection of the

complementary labels ¢ is coherent with the negative learning framework [72].

3.2.6 Contrastive Loss for Open-set Scenarios

As described in Sec. 3.2.3, the process of pseudo-labels refinement via neighbours
samples assumes that features extracted from same-class samples lie closer in the
features space, compared to samples from other classes. We promote this assumption
during adaptation via self-supervised contrastive learning. We build on MoCo [59]
to aggregate features from different augmentations of the same image and separate
representations originated from different samples (negative pairs). Specifically, for
each sample z;, we generate two strongly-augmented samples tg,(z;) and t.,(z;),
where t4,,t., € Ts are two randomly sampled transformations from the space of
strong augmentations T,,. To build the constrastive pairs in the feature space,

the feature extractor embeds augmented samples as query ¢ = ¢(tso(2z¢)) and key
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k = ¢(t.,(z;)). While we employ representations ¢ and k associated to the same
sample x; as positive pairs, we build negative pairs by maintaining a queue (), that
stores key features {1} as detailed below.

MoCo [59] uses the pairs (g, k) as positive and all the pairs {(g, K@)}, as
negative pairs by minimising and maximising their cosine distance for positive and
negative pairs, respectively. Since features are stored in (). independently from the
class, even features from samples belonging to the same class will be pushed away;,
which is in contrast with our objective to better aggregate same-class samples in the
feature space. In [29], authors propose a strategy to exclude some negative pairs
from the contrastive loss. For every negative pair, they just compare the pseudo-
labels of the two samples. If they share the same pseudo-label, then the negative pair
is excluded; otherwise, the pair is included in the negative pairs list. However, the
exclusion strategy in [29] does not take into account the noise that inevitably affects
the pseudo-labels during adaptation. Indeed, such noise may still lead to wrong
negative pairs, i.e., pairs classified differently but having the same ground-truth
label. This causes instability of standard contrastive frameworks, highly affecting
the learned features space. Hence, we follow the temporal exclusion strategy in
[30], leveraging past predictions to identify and exclude pairs composed of same
class samples, even with noisy pseudo-labels. This exclusion strategy is based on
the intuition that, rather than only looking at the current pseudo-label, it is more
reliable to look at its past history to have a higher probability of observing, at least
once, the correct label: the history will probably reveal the correct one, improving
the exclusion process. To this end, we build a temporal queue (). by storing, for
each sample, also the refined pseudo-labels {@(j)};zl of the 7 past epochs, i.e.,
{e = 7,...,e — 1}, and we filter out all the pairs that shared the same pseudo-
labels at least once in the past 7 epochs from the set of available negative pairs,
as illustrated in Figure 3.4. Although this process will likely filter out a lot of true
negatives, it ensures most of the false negatives are excluded.

NL-InfoNCELoss. The refining of the pseudo-labels is an iterative process, which
implies that an amount of noise is still present in the pseudo-labels. Moreover,
the presence of target-private classes in the open-set setting, which are hard to be
correctly identified, increases such noise with respect to the closed-set case. Inspired

by [72] and differently from our previous work [30], we propose a novel contrastive
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Temporal queue
e-T e-1 ————
[ [ [ | e-T e-2i e-1

bear dog | bear

I
e-T e-2i e-1
bird bear: dog

=
Negative Pairs

epochs

Figure 3.4: A couple of target images would be wrongly considered as a negative pair if
only comparing the latest predictions (green box). Instead, since % and z] share the same
pseudo-labels (at least once) in the past T epochs, i.e. {e —T,...,e — 1}, we exclude them
from the list of negative pairs. Figure from [30], reproduced with the permission of the
authors.

loss, called NL-InfoNCELoss, that inserts the principle of negative learning in the
standard InfoNCELoss. Although the strategies proposed in Sec. 3.2.4 and Sec. 3.2.6
aim at reducing the impact of such noise, we posit that using the negative learning
paradigm can be beneficial for a contrastive loss to reduce the impact of false negative
samples.

Accordingly, the formulation of the proposed NL-InfoNCELoss is the following:

LN1-mfoncE = — log (1 > copla - hJ7) ) ) (3.9)

jen, €rp(q - k;/T)

Ny=1g #99, vie {1,... N}, Vie {1,...,7}},

where k_ is one negative sample chosen randomly from the set of negative samples,
N, is the set of indices of samples in @, that never shared with the query sample
the same pseudo-labels in the past 7 epochs. By optimising the proposed NL-
InfoNCELoss, the model is trained to increase the feature distance between the
query and a randomly selected negative sample, rather than to all the negative
samples, as in the standard InfoNCELoss. Albeit this formulation slackens the
separation effect of the contrastive loss, it reduces the impact of noisy pseudo-labels

in the negative pairs. In Sec. 3.3.2, we analyse the contribution of the proposed loss
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compared to the standard InfoNCELoss.

3.2.7 Overall Framework

In addition to the classification and the contrastive losses detailed in the previous
sections, following the standard state-of-the-art protocol [30], we add the following

regularisation term to prevent the posterior collapse:

C
LE = Byen | D2 P log 7).

c=1

Py = Eviex, [0 (he (01 (tsa (24))))] -

When trained with noisy labels, the model may learn a degenerate latent representa-
tion, leading to predict all the samples in a single class, especially if the noise is very
skewed towards a single category. By encouraging diversity in model predictions,
this term mitigates the occurrence of such phenomenon.
The overall objective function used to adapt the model to the target data is the
following:
Ly = 71 L{® + 7 i + s L™, (3.10)

where v; = 9 = 3 = 1 are not-tuned hyperparameters.

3.3 Experiments

Datasets. We evaluated our approach performing experiments on the following
benchmark datasets for the open-set source-free domain adaptation setting: Of-
fice31 [127], Office-Home [128], and VisDA-C [130].

— Office31 contains three domains, Amazon (A), Dslr (D), and Webcam (W),
with 31 classes, where the first 10 classes are shared and the last 11 private classes.
The remaining 10 classes are not used in this setting.

— Office-Home consists of 65 classes of labelled images deriving from four spe-
cific domains, Art (Ar), Clipart (Cl), Product (Pr), and Real World (Rw). The first
25 categories in alphabetic order are shared classes and the remaining 40 classes are

private.
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— VisDA-C is a large-scale dataset containing images from two distinct domains:
synthetic (S) and real (R). It contains 12 classes with a total of 280,000 images,
where the first 6 classes represent shared categories, and the remaining 6 classes are

private.

Evaluation metrics. Following [131, 41, 43], we use three evaluation metrics to

compare the performance, including the average class accuracy over known classes
OS*, the accuracy of unknown class UNK, and HOS = 2% which is the
harmonic mean between OS* and UNK. HOS is the core metric in the latest open-
set domain adaptation literature, since it requires a good balance on both shared
and private class accuracy in an unbiased manner.

Implementation details. We use standard classification architectures comprising
a feature extractor followed by a classifier. For fair comparison with competing
methods, we used ResNet-50 [132] as a backbone in the experiments.

For source training, we initialise the ResNet backbone with ImageNet-1K [133]
pre-trained weights available in the Pytorch model zoo. We train the source model
with only a standard cross-entropy loss. For the adaptation stage, the target model
is initialised with the source model’s parameters. For open-set experiments, before
the adaptation, we increase the classifier size to 2 - |Cg| to account for the unknown
classes. The initial clustering is performed with the K-means algorithm of Scikit-

learn [134].

3.3.1 Results

This section presents results obtained by our method on Office-Home, Office31 and
VisDA-C under SF-OSDA

Office-Home. Table 3.1 shows the performance of our method w.r.t. state-of-the-
art UDA and SF-UDA methods on Office-Home under the open-set setting. Al-
though our method does not use source data during the adaptation, we outperform
several UDA methods, such as STA [43], OSBP [44], DAOD [136], and DANCE [62].
While the best average performance is achieved by GLC [51], our method surpasses
some recent source-free approaches such as AaD [49] and USD [50] in both HOS
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Table 3.1: HOS score (%) on Office-Home. All methods use the ResNet-50 backbone.
The proposed approach achieves the highest accuracy on average (Avg.) compared with
SF-UDA baselines and outperforms several UDA methods. The underlined results are the
best within standard UDA methods, while bold ones are the best SF-UDA approaches.

Office-Home
Ar — Cl Ar — Pr Ar — Rw Cl — Ar Cl — Pr Cl - Rw

Method Source-free | o "UNK HOS | 0S¥ UNK HOS | OS* UNK HOS | 08+ UNK HOS | 08¢ UNK HOS | 0S¥ UNK HOS
PGL [135] X 633 191 293 | 789 321 456 | 87.7 409 558 | 859 53 100 | 739 245 368 | 702 338 456
STA [43] X 50.8 634 563 | 68.7 59.7 637 | 8L1 505 621 | 53.0 639 579 | 614 635 625 | 69.8 632 663
OSBP [44] X 50.2 611 551 | 718 598 652 | 793 67.5 729 | 594 703 643 | 670 627 647 | 720 692 706
DAOD [136] X 726 518 605 | 553 57.9 566 | 782 626 695 | 591 617 604 | 70.8 526 604 | 778 570 658
OSLPP [45] X 559 671 610 | 725 731 728 | 801 694 743 | 496 790 609 | 61.6 733 669 | 67.2 739 704
ROS [41] X 50.6 741 601 | 684 70.3 693 | 758 772 765 | 53.6 655 589 | 59.8 716 652 | 653 722 686
DANCE [62] X 544 537 531 | 822 354 498 | 874 253 304 | 712 284 409 | 746 328 459 | 813 184 302
cUADAL [42] X 55.8 756 636 | 69.6 73.9 716 | 818 733 775 | 549 820 650 | 61.8 774 683 | 695 763 726
ANNA [131] X 614 787 690 | 683 79.9 737 | 741 797 768 | 58.0 731 647 | 642 736 686 | 669 802 73.0
GATE [137] v - - 638 | - - 05| - - 8| - - 664 | - - 679 | - -
SHOT [36] v 67.0 28.0 395 |81.8 263 398 |87.5 321 470 | 66.8 462 546 |77.5 27.2 402 |80.0 259 39.1
AaD [49] v 50.7 664 576 | 64.6 694 669 | 73.1 669 69.9 | 482 811 60.5 | 595 635 614 | 674 683 67.8
USD [50] v 533 715 6L1 | 657 749 70.0 | 73.3 795 763 | 522 708 GOl | 624 684 652 | 693 686 689
UMAD [138] v - - o592 - - s | - - T66 | - - 635 | - - 690 | - - T19
GLC [51] v - - 653 - - oma2| - - 790 | - - 604 | - - T8 | - - T4
LEAD [52] v - - 607 | - - 08| - - 65| - - 610 | - - 686 | - - 708
Ours v 466 72.8 569 | 611 80.0 69.3 | 741 84.6 79.0 | 448 624 527 | 627 69.6 66.0 | 695 76.9 73.0
Method H Pr — Ar Pr — Cl Pr — Rw Rw — Ar Rw ~> Cl va: — Pr H Average

0S* UNK HOS | OS* UNK HOS | OS$* UNK HOS | OS* UNK HOS | OS* UNK HOS | O$* UNK HOS | 0S* UNK HOS
PGL [135] 73.7 347 472 | 59.2 384 46.6 | 848 276 41.6 | 81.5 6.1 114 | 68.8 0.0 0.0 848 38.0 52.5 76.1  25.0 352
STA [43] 54.2 724 619 | 442 67.1 53.2 | 76.2 643 69.5 | 67.5 66.7 67.1 | 499 61.1 54.5 | 77.1 554  64.5 61.8 633 61.1
OSBP [44] 59.1  68.1 63.2 | 445 66.3 53.2 | 76.2 T1.7 73.9 | 66.1 67.3 66.7 | 48.0 63.0 54.5 | 76.3  68.6 72.3 64.1 66.3 64.7
DAOD [136] || 713 505 59.1 | 584 428 494 | 818 50.6 625 | 667 433 525 | 600 366 455 | 841 347 491 | 696 502 57.6
OSLPP [4')] 54.6  76.2 63.6 | 53.1 67.1 59.3 | 77.0 T71.2 74.0 | 60.8 75.0 67.2 | 544  64.3 59.0 | 784 70.8 74.4 63.8 71.7 67.0
ROS [-11] 57.3 643 60.6 | 46.5 T71.2 56.3 | 70.8 784 744 | 67.0 70.8 68.8 | 51.5 73.0 604 | 72.0 80.0 75.7 61.6 724 66.2
DANCE [()'2] 69.7 439 54.2 489  67.4 55.7 84.2 271 41.2 76.8 16.7 27.5 59.4 41.3 48.3 84.1 29.6 44.0 72.8  35.0 44.2

cUADAL [42] || 52.1 824 629 | 427 80.7 546 | 7.7 834 768 | 673 79.6 726 |525 711 59.9 | 777 756 76.7 || 63.1 776 685
ANNA [131] 63.0 703 66.5 | 546 748 63.1 | 743 789 766 |66.1 773 713 | 59.7 731 657 | 764 810 787 || 656 76.7 70.7

GATE [137] 67.3 61.5 - 76.0 704 | - - 61.8 75.1 - - 69.0
SHOT [36] 66.3 51.1 577 | 59.3 31.0 408 |85.8 316 462 |73.5 50.6 59.9 | 653 289 40.1 |84.4 282 423 | 74.6 339 456
AaD [49] 473 824  60.1 | 454 728 559 | 684 728 70.6 | 545 79.0 646 | 490 69.6 575 | 69.7 70.6 70.1 | 582 719 63.6
USD [50] 543 738 626 | 473 69.6 563 | 70.0 745 722 | 646 713 67.8 | 538 655 59.1 | 73.3 69.1 7L1 | 61.6 715 659
UMAD [138] - - 625 | - - 54.6 | - - 72.8 | - - 66.5 | - - 57.9 | - - 70.7 - - 66.4
GLC [51] - - 63.7 - - 63.2 - - 75.8 - - 67.1 - - 64.3 - - 77.8 - - 69.8
LEAD [52] - - 655 | - - 59.8 | - - 742 | - - 64.8 | - - 57.7 | - - 75.8 - - 67.2
Ours 52.3 637 574 |65.3 80.7 72.2 | 668 78.6 723 |5l4 774 618 |503 74.6 601 | 69.7 73.1 714 | 59.5 74.5 66.0

and UNK scores. Moreover, we achieve the best performance in UNK on multiple
settings, showing ability in identifying private samples at the risk of including also
some shared samples. This also shows a limitation of our method in small-scale

datasets.

Office31. Table 3.2 compares our method with state-of-the-art UDA and SFDA
methods on the Office31 dataset under the open-set setting. For the UDA set-
ting, even though our method does not use source data at all during adaptation, it
achieves comparable performance with other methods. Note that the availability of
source data in the UDA setting is a considerable advantage, given that they can be
used for aligning domains. For the more challenging SF-UDA setting, we achieve

a competitive HOS score, outperforming recent baselines, such as USD [50] and
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Table 3.2: HOS score (%) on Office31 and VisDA-C. All methods use the ResNet-50 back-
bone. The proposed approach outperforms the previous SF-UDA state-of-the-art by 2.1%
on average (Avg.), while being competitive with UDA baselines. The underlined results
are the best within UDA methods, while the bold one are the best SF-UDA approaches.

Office31 | visbA-C
Method Source-free A—=D A=W D—A D—W W — A W — D Average Average
i PUTTTTT | 0s* UNK HOS | 0S* UNK HOS | 0S* UNK HOS | 0S* UNK HOS | OS* UNK HOS| OS* UNK HOS| 0S* UNK HOS| HOS
STA [43] X 91.0 639 75.0 | 8.7 676 759 | 8.1 659 T73.2 94.1 555 698 | 66.2 680 66.1 849 678 752 | 843 648 T72.6 71.0
OSBP [44] X 90.5 755 824 | 86.8 792 827 | 76.1 723 751 97.7  96.7 972 | 73.0 744 737 | 99.1 842 911 | 87.2 804 837 52.3
UAN [139] X 956 244 389 | 955 310 468 | 93.5 534  68.0 99.8 525 688 | 941 388 549 8L.5 414 53.0 | 934 403 551 -
OSLPP [45] X 926 904 915 | 89.5 884 890 | 821 766 T79.3 96.9 880 923 | 789 785 787 | 958 915 93.6 | 89.3 856 874 -
ROS [41] X 875 T77.8 824 | 8.4 767 821 | 748 81.2 T7.9 99.3 930 960 | 69.7 866 772 | 100.0 99.4 99.7 | 86.6 858 85.9 66.5
DANCE [62] X 94.3  50.7  66.9 | 92.8 559 70.7 | 97.0 66.8  80.0 97.6 737 848 | 824 853 658 816 606 702 | 9.0 60.2 73.1 67.5
cUADAL [42] X 86.4 951 90.1 | 86.0 904 879 | 98.6 97.7 98.2 | 99.3 994 994 | 754 878 805 67.6 878 751 | 85.6 93.0 88.5 -
ANNA [131 X 932 76.1 83.8 | 828 884 8.5 | 754 911 825 994 996 995 | 76.0 87.9 81.6 | 100.0 96.8 984 | 87.8 90.0 88.6 -
GATE [137] x - - - - - - - - - - R - - - R - - - - - 895 708
SHOT [36] v 94.0 463 620 | 95.6 423 587 |83.3 391 533 |100.0 757 86.1 |82.7 46.6 59.6 | 100.0 69.7 821 |92.6 533 67.0 281
AaD [49] v 730 846 783 | 635 89.5 743 | 63.6 88.9 T4.2 780 98.5 870 | 61.9 88.9 73.0 94.6 96.8 957 | 724 91.2 804 42.4
USD [50] 4 90.7 734 812 | 828 727 779 | 657 844 739 97.9 966 97.3 | 64.6 86.7 T4.0 98.0 926 952 | 83.3 844 833 69.4
UMAD [138] 4 - - 88.5 - - 84.4 - - 86.8 - - 95.0 - - 88.2 - - 95.9 - - 89.8 66.8
GLC [51] v 82.6 - - 4.6 - - 92.6 - - 96.0 - - 91.8 - - 96.1 - - 89.0 725
LEAD [52] v - - 84.9 - - 85.1 - - 90.2 - - 94.8 - - 90.3 - - 96.5 - - 90.3 4.2
Ours v 85.7 93.0 89.2 | 909 778 839 | 733 834 T80 89.9 957 932 | 65.0 80.0 718 98.6 946 96.6 | 83.9 89.6 854 75.1

AaD [49], by a notable margin of +2.1%, +5.0%. Although LEAD [52] achieves the
average best result, our method, similar to GLC [51] and LEAD [52], achieves the
highest HOS score in two source-target configurations, demonstrating to obtain a
better balance between OSx and UNK. On the contrary, previous methods perform
well on one but highly degrade on the other. For example, SHOT often achieves
the best result on OS%, but performs poorly on UNK, yielding a lower HOS score.
Similarly, AaD [49] obtains higher result on UNK but lower on OSx.

VisDA-C. Table 3.2 compares our method with state-of-the-art UDA and SFDA
approaches on the VisDA-C dataset under the open-set setting. Our method consis-
tently outperforms several recent UDA methods, such as STA [43], OSBP [44], and
DANCE [62]. More importantly, in the source-free setting, our approach achieves
the best HOS score, surpassing the top-performing baselines, LEAD [52], GLC [51],
and USD [50], by significant margins of +0.9%, +2.6%, and +5.7%, respectively.
These results demonstrate the effectiveness of our approach on large-scale datasets,

highly fitting for real-world applications.

3.3.2 Analysis

Ablation study. Our method comprises several components to effectively adapt to

a target domain in the context of source-free adaptation. Table 3.3 shows the benefit
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Table 3.3: Ablation study of the components of the proposed method measured by HOS
score (%) on Office31 and VisDA-C. First row excludes all the components. Second row
includes the clustering initialisation Sec. 3.2.2. Third row and fourth row include the two
strategies in Sec. 3.2.4 for estimating the uncertainty of pseudo-labels, respectively. Last
row introduces the proposed NL-InfoNCELoss Sec. 3.2.6.

Neighbours Consensus Class Separation
Clustering init.  Uncertainty Estimation  Uncertainty Estimation = NL-InfoNCELoss

Office31 ‘ VisDA-C

X X X X 35.3 40.1
v X X X 77.9 70.0
4 4 X X 80.6 72.7
4 4 4 X 82.4 73.9
4 4 4 v 85.4 75.1

of these components: clustering initialisation (c.f. Sec. 3.2.2), neighbours consensus
and class separation uncertainty estimations (c.f. Sec. 3.2.4), and the proposed NL-
InfoNCELoss (c.f. Sec. 3.2.6). Clustering initialisation brings a major benefit to the
training performance, doubling the average accuracy. The benefit in performance
of estimating uncertainties is approx. +2% each. The best performance is achieved

when also including the NL-InfoNCELoss, with a performance gain of approx. +3%.

Cardinality of target-private classes. As detailed in Sec. 3.2.2, the number of
the target-private classes |Cp| is unknown during adaptation. We set the expected
number of target-private \6p| arbitrarily and we use this value to both extend the
size of the classifier output and perform the initial clustering. Here, we study the
performance of our method with different values of |6 p|. Results of this experimen-
tation are shown in Figure 3.5. Particularly, the best performance is obtained when
the number of target private classes is equal to the cardinality of source classes, i.e.
|Cp| = |Cs|. Nonetheless, using even higher values for |Cp|, our method achieves
good performance obtaining an HOS score close to the one achieved with the opti-
mal value of Cp. Contrarily, the worst performance is obtained using C'p = 1. This
results strengthen our hypothesis that predicting all the samples from target-private
classes in a unique unknown class is suboptimal, since it requires aggregating seman-
tically different samples together. Following this, we design our method to segregate
these samples into multiple unknown classes. In the appendix (Section 3.3.3), we

study the opposite scenario where |6p| is fixed while |Cp| changes.
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0 5 10 15 20 25 30
Number of estimated target classes
Figure 3.5: HOS score on three sub tasks of Office3l (%) with a various number of

estimated target classes |C'p|. The best performance is obtained with |Cp| = |Cg| target
classes.
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Figure 3.6: HOS score on three sub tasks of Office31 (%) with a various number of target-

private classes |Cp|, maintaining fixed the number of estimated target-private classes
|Cp| = |Cs| = 10.
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Table 3.4: HOS score (%) on three sub-tasks of Office31 and VisDA-C using different
choices of the function F in Egs. (3.5) and (3.6).

‘ ‘ Office31 ‘ VisDA-C
Eq. 35) Eq.(36) | D>W A—-W D—=A Avg | Avg
Flin Fliin 91.5 79.0 76.2 82.2 73.3
Flin Fexp 90.5 77.4 77.8 81.9 73.1
Fexp Fexp 93.1 83.6 78.0 84.9 74.6
Fexp Fin || 932 83.9 78.0 85.0 | 75.1

3.3.3 Varying the Number of Target-private Classes

Here we study the performance of our method with different values of target-private
classes |Cp|, while maintaining fixed the number of estimated target-private classes
|Cp| = |Cs| = 10. As shown in Fig. 3.6, when the number of target-private classes
is reduced, our model increases performance, as the setting become much closer to
closed-set as |Cp| is lower. When |Cp| is increased, a drop in performance is observed
but this behavior aligns with expectations, as more unseen classes are introduced
on the target domain.

From uncertainty to selection probabilities. In Egs. (3.5) and (3.6), the un-
certainty coefficient wj® and w;® are estimated with the use of a monotonically
decreasing function F. We made two choices for this function: (i) a linear function
Fiin(z) =1 — 2; and (ii) an exponential function Fep(z) = e7*.

Table 3.4 shows the effect of using either or both functions to calculate the uncer-
tainty coefficients. Our model achieves comparable performance with all the combi-
nations of these functions. As reported in [30], the exponential function works better
for Eq. (3.5), as it avoids to penalise samples near the boundaries. For Eq. (3.6),
the effect of the choice of F is marginal, as the performance drop is approx. 0.1%
and 0.5%, respectively. A motivation of this behaviour is that the minimum value

for the coefficient u{® is 0.5, which avoids over-penalising samples when Fj;, is used.

Combining uncertainty estimation strategies. In Sec. 3.2.4, we estimate the
uncertainty coefficients wy¢ and wf®, which are used as the success probability to
sample values from Bernoulli distributions. Sampled values are combined together
via a logical operator @ (Eq. (3.7)). We opted for two choices for the @& operator:
AND and OR operators. We compare the benefits of these operators in Table 3.5.
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Table 3.5: HOS score on three sub tasks of Office31 (%) comparing different choices of
the logical operator @ in Eq. (3.7).

Method I D-W A—-W D—AJAvg
Ours w/ OR sampling 91.5 80.1 777|831
Ours w/ AND sampling | 93.2 83.9 78.0 | 85.0

Table 3.6: HOS score (%) on Office31 and VisDA-C using positive vs. negative classifica-
tion loss.

Method || Office31 | VisDA-C
Ours w/positive 80.5 72.1
Ours w/positive+negative 82.7 74.0
Ours w/negative 85.4 75.1

Although either operator surpasses the state-of-the-art, our model achieves the best
performance by combining the uncertainty probabilities with the AND operator. The
AND operator requires that samples have low uncertainty in both measures, resulting
in a more fine-grained sample selection with respect to the OR operator.

Positive vs. Negative Classification Loss. Table 3.6 shows results obtained
using, as classification loss, only a standard positive loss (first row), a linear combina-
tion of a positive and a negative loss (second row), and only a negative learning loss.
Although a positive classification loss is more affected by the noise in the pseudo-
labels introduced by both the domain shift and the presence of private samples, our
method overcomes multiple baselines even using a positive loss. This highlight the
effectiveness of our uncertainty estimation strategies in dealing with both noises.
While using a combination of positive and negative losses results improve, the best
performance is obtained using only the negative loss as it guarantees more robustness
to the introduced noise.

NL-InfoNCELoss vs. InfoNCELoss. Table 3.7 shows the effectiveness of using
the proposed NL-InfoNCELoss against the standard InfoNCELoss in SF-OSDA.
While using the standard InfoNCELoss our method still achieves good performance,
introducing the proposed NL-InfoNCELoss we obtain a gain of +2.5% and +1.1%
on Office31 and VisDA-C, respectively. This is probably due to the robustness to

the noise introduced by negative learning.



Chapter 3. Leveraging Pseudo-labels for Source-free Open-set Unsupervised 39
Domain Adaptation

Table 3.7: HOS score (%) on Office31 and VisDA-C using InfoNCELoss vs. NL-
InfoNCELoss.

Method || Office31 | VisDA-C
Ours w/InfoNCELoss 82.9 74.0
Ours w/NL-InfoNCELoss 85.4 75.1

Table 3.8: Clustering accuracy (%) on three sub tasks of Office31 evaluating the ability
of our model to perform novel class discovery. Note that accuracy is calculated only for
samples belonging to target-private classes.

D-W A—W D—A|Avg
71.3 54.8 66.7 | 64.2

Discovery of the underlying semantics of novel classes. We present here ad-
ditional experiments to asses whether our model is able, as a byproduct, to aggregate
samples from target-private classes into different clusters based on the semantics.
To achieve this objective, the model has to learn the semantics of target-private
classes, even if it cannot be directly optimised for this scope, due to the lack of
labels in the target domain. We follow the same protocol as in state-of-the-art novel
class discovery works [140, 141]. We train the model by setting |Cp| as the actual
number of private classes: this is necessary to evaluate the results of these exper-
iments. Since we do not use labels for target-private classes during adaptation, a
class misalignment is present between the predicted and the ground-truth target-
private classes. To solve this problem, at inference time, we match the predicted
target-private classes against the ground-truth classes. Specifically, we compute
target-private class prototypes by averaging features of samples belonging to each
class, according to their ground truth labels. The same process is repeated to com-
pute the estimated prototypes using predictions rather than labels. We then run the
Hungarian algorithm to perform the matching between the ground-truth and the es-
timated prototypes, and adjust the predicted labels accordingly. Once the predicted
and ground-truth target-private classes are aligned, we quantitatively and qualita-
tively assess the ability of our model to correctly classify samples from target-private
classes. As in previous works[140, 141], we quantitatively evaluate the ability of our

method to cluster samples from target-private classes by computing the clustering
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Figure 3.7: Feature space visualization for target-private classes. The colour of samples
represents the predicted class. The e symbol represents correct predictions, whereas the
X represents incorrect predictions. Our model produces a well-structured features space
for target-private classes, where samples belonging to the same novel classes are clustered
together. This opens the possibility of performing novel class discovery.

accuracy:

[P

ClusterAcc = terg(ac%)) ]C’—lﬂ ; 1(y; = t(y;)) (3.11)
where y; and §; are ground-truth labels and predictions, respectively. For each
target-private sample, P(CT) is the set of all possible permutations of CF classes
and t is a permutation.

Table 3.8 and Fig. 3.7 show that our model is able to achieve satisfying results
in the classification of target-private samples, even if it has been neither optimised
for this task nor trained with labels from these classes. This means the model
has learned the underlying semantics of novel classes, enabling the possibility to
potentially perform novel category discovery. Note that this behaviour is not possible
with previous works that classify all the private samples in a single unknown class.
Finally, Fig. 3.7 shows the ability of our model to produce a well-structured features
space, where samples belonging to the same target-private class lie close in the space,

allowing them to be clustered in the same novel class.
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3.4 Summary

In this work, we introduced a novel approach to address the challenges of Source-Free
Open-Set Domain Adaptation (SF-OSDA) for image classification. Unlike existing
approaches that group samples from unknown classes into a single “unknown” class,
our method leverages the granularity of target-private classes to segregate their sam-
ples into multiple clusters, resulting in a more effective adaptation that enables the
learning of the underlying semantics of novel classes. To that end, we introduce
a novel uncertainty estimation technique to handle noisy pseudo-labels produced
during the adaptation. We also propose a novel NL-InfoNCFELoss that integrates
negative learning into self-supervised contrastive learning further increasing the ro-
bustness of the contrastive framework to the noise in the pseudo-labels. Our ap-
proach obtains competitive performance on small-scale datasets, such as Office31 and
Office-Home, and it outperforms the most recent baselines on the large-scale bench-
mark dataset VisDA-C, demonstrating its effectiveness for real-world applcations.
Further analyses show that our model can aggregate samples from target-private
classes into different clusters as a byproduct of the adaptation, as it has learned the
underlying semantics of novel classes. This behaviour also opens the possibility of
performing novel class discovery.

While our method demonstrates significant advancements in the SF-OSDA set-
ting, some aspects remain open for future exploration. For instance, the clustering-
based initialisation, although effective in our experiments, could be further refined
to ensure robust performance under extreme domain shifts or in highly imbalanced
datasets. Additionally, while our uncertainty-guided sample selection effectively
mitigates noise, future work could extend these strategies to enhance scalability and

efficiency in scenarios with extensive numbers of target-private classes.
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Chapter 4

Leveraging Text Robustness for
Improving Unsupervised Domain

Adaptation under Complex Shifts

Given the advent of novel Large Language Models (LLMs) and Vision-Language
Models (VLMs), this chapter explore the possibility to integrate the language modal-
ity as additional information for the unsupervised adaptation of vision models. In-
deed, language models have been demonstrated to be more robust to variations in
domains and contexts than vision models. Hence, this chapter focuses on leveraging
the language modality to improve the robustness of vision models when adapting
across diverse geographical domains. Specifically, this chapter introduces a mul-
timodal adaptation strategy that leverages textual information to guide a vision
model into a more robust learning, in presence of complex shifts.

The findings and contributions of this chapter have been accepted to an inter-

national conference. '

4.1 Introduction

Although deep learning models have achieved remarkable performance in lots of
computer vision tasks, they still fall short in their ability to generalise to different
domains. Retraining deep learning models on new data requires a big effort to ac-

quire and manually label images and should ideally be avoided. To address these

Mattia Litrico, Mario Valerio Giuffrida, Sebastiano Battiato, Devis Tuia, ”TRUST: Leverag-
ing Text Robustness for Unsupervised Domain Adaptation” [17]. AAAI Conference on Artificial
Intelligenc, 2026.
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Figure 4.1: (a) geographical shifts strongly impact the appearance of both foreground
objects and background, as visible in the two images from the USA and Asia. On the
contrary, the captions contain valuable information about the semantic class and the text
is minimally affected by the geographic shift, as stated in [87]. (b) Despite such apparent
robustness, low quality captions may still lead to low classification accuracy.

limitations, Unsupervised Domain Adaptation (UDA) approaches for image classi-
fication have been proposed. UDA aims at transferring knowledge acquired on a
labelled source domain to an unlabelled target domain, bridging the gap between
them [21, 142, 117, 118, 25, 119, 26]. Recent UDA methodologies have been suc-
cessful on classical domain shifts (e.g. synthetic-to-real), but they suffer a lot on
more complex shifts (e.g. geographical), where both the background and objects’
appearance change between domains [80].

Kalluri et al. [87] posited that, under complex shift, solely relying on images is
challenging and they proposed LaGTran that integrates textual data for guiding the

adaptation. Indeed, authors showed that textual data are more robust to complex
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shifts, as they semantically describe the image content instead of focusing on ap-
pearance details, which is essential for bridging the domain gap (c.f. Figure 4.1(a)).
However, LaGTran [87] used textual data only for generating pseudo-labels for the
target domain, highly underusing the potential of the language modality to reduce
the domain shift. Moreover, they blindly rely on the pseudo-labels generated from
the text, which may be incorrect due to two main factors: (a) the scarce quality of
text descriptions, especially for crowd-sourced texts (e.g. Figure 4.1 (b)); (b) the
impact of domain shifts on language models, which is lower than image-based models
but still present. For those reasons, solely training the vision model with pseudo-
labels generated from the text is suboptimal for transferring the shift robustness
from the language to the vision model.

To overcome these limitations, we propose TRUST(Text RobUSTness for unsu-
pervised domain adaptation) a novel approach for UDA in image classification that
exploits the potential of language guidance for the adaptation of a vision model.
Similarly to LaGTran [87], we use a language model to generate pseudo-labels on
target samples from text descriptions, but we also propose two novel components to
cope with the shortcomings discussed above.

First, to reduce the impact of incorrect pseudo-labels generated from low-quality
captions, we propose a novel multimodal uncertainty estimation strategy that reweights
the classification loss for target samples, by evaluating how well the captions seman-
tically describe the target images.

To this aim, we use a pretrained vision-language model (i.e. CLIP [88]) to evalu-
ate the semantic correlation between target images and their captions, which serves
as a measure of the uncertainty /reliability of generated pseudo-labels. The esti-
mated uncertainty is then used to reweight the contribution of the pseudo-labels in
the classification loss, reducing the negative impact of wrong pseudo-labels obtained
from low-quality captions.

Second, to enhance the generalisation of the vision model, we aim to transfer
the robustness to complex shifts from the language to the vision model, by promot-
ing an effective alignment between their feature spaces. We propose to integrate a
novel multimodal soft-contrastive learning loss, which uses the language modality
to guide the contrastive training of the vision model. Unlike previous works, our

soft-contrastive framework does not require to identify positive and negative pairs,
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as it assigns to each pair a score of “positiveness” and “negativeness” based on how
likely they share the same semantic content. Then, a pair of images acts simultane-
ously as a positive and negative pair and attracts/repulses samples with a strength
proportional to the similarity of their captions. The benefits of this strategy are
multiple: (a) we encourage the vision model to match the language model’s feature
space by attracting representations of images with similar captions and repulsing
those with dissimilar ones; (b) differently than [54, 29, 30], it avoids contrasting
images of the same class without relying on the output of the vision model, there-
fore limiting the confirmation bias; (c) we achieve a smoother contrastive training,
where representations of each pair of samples are both attracted and repulsed based
on how likely they share the same semantic content.

We benchmark TRUST on two datasets representing classical (DomainNet) and
complex (GeoNet) shifts. In all cases, TRUST outperforms the current state-of-the-
art methods: on GeoNet, we obtain the best performance with 61.16% accuracy on
average, with a gain of +0.92% to the best competitor; on DomainNet, we achieve
the best performance of 73.09%, largely improving performance compared to several

recent UDA approaches.

To summarise, our main contributions are:

e We introduce a novel uncertainty estimation strategy that leverages CLIP to
evaluate the uncertainty of pseudo-labels, by measuring the semantic correla-

tion between images and their captions.

e We propose a novel multimodal soft-contrastive learning loss that uses the
language modality to guide the contrastive training of the vision model. Our
solution removes the problem of identifying positive and negative samples in

UDA, preventing the confirmation bias.

e We validate our method on classical and complex domain shifts outperforming
the state-of-the-art on both settings.
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Figure 4.2: (a) We use a BERT model on target captions to generate pseudo-labels y,
for target samples (Sec. 4.2.1). (b) We compute normalised CLIP similarity scores w
from target images and texts as a measure of the reliability of the generated pseudo-
labels y, (Sec. 4.2.2). (c) Feature representations of images go through a soft-contrastive
framework, where they are attracted and repulsed to each other based on the similarity of
their captions (dashed lines indicates features extraction). (d) A vision model is trained
on both source and target images. On source images, we compute a classification loss
£ using the ground truth labels y,. On target images we use the pseudo-labels ¥, as
supervision and the classification loss £§* is reweighted based on the estimated reliability

Score w.

4.2 Proposed Method

An overview of TRUST is shown in Figure 4.2. Our aim is unsupervised domain
adaptation (UDA), i.e. to learn a model for the target domain without having

access to any ground-truth labels from it. In this context, we have access to a

Ns
=1

labelled source domain Dj : {z%, ¢!, y' where z, and y, are source images and
ground-truth labels respectively, and ¢; are source captions. Similarly, we have
an unlabelled target domain D, : {zi t:}}¥*,. Captions are obtained from either
associated metadata in web-collected images [143|, or generated with image-to-text
models [144] and they are used only at training time. TRUST trains a vision model
composed of a feature extractor f : RF*W>3 5 RP and a classifier h : R” — R® |

where P is the length of the feature vector, and C' is the number of classes.
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4.2.1 Language Guided Domain Adaptation

We address the problem of UDA leveraging pseudo-labels generated from captions.
Similarly to [87], we fine-tune a BERT sentence classifier [145] in a supervised fash-
ion using captions and labels from the source domain. The trained BERT model is
then frozen and inputted with target captions to generate pseudo-labels for target
samples. Then, source labels and the obtained target pseudo-labels are used as su-
pervision to train a vision model on both source and target domains simultaneously,
as detailed in Sec. 4.2.4.

More formally, we fine-tune a pretrained DistilBERT [146] model B on the source
domain {t!, 5’} using source captions and labels. To do so, we optimise the

following supervised objective:

arg;nin Ei yiyom, Lor(Bs(th),yl), (4.1)

where ¢ denotes the parameters of the BERT model and L¢g is the cross-entropy
loss. Then, we use the fine-tuned model B to generate pseudo-labels y, on target

captions t; by running inference passes as follows:

7i = argmax By(t}). (4.2)
c

4.2.2 CLIP-based Pseudo-labels Uncertainty Estimation

Although previous studies [87] demonstrated that the language modality is more
robust to complex domain shifts, blindly relying on the knowledge acquired from
captions may lead to the generation of incorrect pseudo-labels y, due to: (a) the
scarce quality of captions (c.f. Figure 4.1(b)), especially when they are crowd-
sourced from the web; and (b) the domain shift that still exists in the language
modality. Therefore, training an image classifier on such pseudo-labels (as in [87])
risks to disrupt the adaptation process.

To mitigate these issues, we propose a novel strategy to estimate the uncer-
tainty /reliability of the pseudo-labels generated from target captions, based on the
capacity of captions to semantically describe the corresponding images. Such un-

certainty scores are then used to reweight the classification loss, accordingly. With
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Figure 4.3: We compute CLIP similarity scores on each pair of target images and texts
in a batch, obtaining the similarity matrix S. To calculate the reliability weight w, we
normalise the CLIP scores with a softmax on each row of S and select the values in the
main diagonal, which measure the semantic correlation between much each image and its
caption.

this aim, we use a pretrained CLIP model [88] to evaluate the correlation between
images and corresponding captions. The underlying idea, shown in Figure 4.3, is
that when the CLIP image/text similarity is high, the text accurately describes the
image content. Consequently, we will assume that the pseudo-label generated with
BERT (c.f. Sec. 4.2.1) is reliable. On the contrary, when the CLIP similarity is
low, the text does not describe well the content of the image (e.g. Figure 4.1 (b)).
This may occur when the text is of limited quality or because it does not capture
the semantics of the image. In this case, the pseudo-label is considered unreliable.
Differently from other uncertainty estimation strategies [30], which perform such
estimation based on the output of the training model, our solution based on CLIP
prevents the confirmation bias [78], since the CLIP estimation is not affected by the
training of the TRUST’s vision model, and CLIP’s parameters are frozen during the

adaptation process.
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More formally, given a batch of image/caption pairs from the target domain, we
compute the similarity matrix S(Fim(Xt), Prext(tt)) as the cosine similarity between
the embeddings of target images x¢ and texts ty obtained from the CLIP’s image
and text encoders Fi, and Fie. The element s*/ of the similarity matrix indicates
the semantic correlation between the i-th image and the j-th caption in the batch.
Consequently, the diagonal elements s** indicates how much each target image is
semantically related to its caption. However, this score is unbounded and needs
to be normalised to measure the reliability of the pseudo-labels obtained from the
captions. Therefore, we compute the softmax function for each row of the similarity
matrix S to obtain a normalised score w;, as follows:

w = 2P (4.3)

S5 exp(st)

The resulting score w; is an estimation of the quality of the caption ¢! to de-

scribe the image zi. We use the softmax function for normalising s**, to produce
a score proportional to how much each image is semantically related to its caption
(with respect to the other texts in the batch). The larger w; (high reliability), the
better the i-th image is described by its corresponding text, which leads to a higher
confidence in the pseudo-label y;. Conversely, a lower value of w; (low reliability)
means that the caption semantically describes the image as less as the other texts
in the batch. Note that CLIP is pretrained and frozen during this process, to avoid
adding an additional overhead for finetuning CLIP and preventing the confirmation

bias.

4.2.3 Language Guided Soft-contrastive Learning

The language modality intrinsically benefits of a larger robustness to complex do-
main shifts compared to visual data, as demonstrated in [80]. We posit that com-
bining the benefits of language and vision modalities improves the performance on
the target domain. LaGTran [87] used a language model to generate pseudo-labels
on target images for training a vision model. Despite its simplicity, this strategy
alone does not encourage the vision model to inherit the robustness of the language

model.
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Figure 4.4: Representation of our soft-contrastive framework, where each pair of images is
both attracted and repulsed based on their caption similarity: if two images have semanti-
cally similar captions, they are more attracted than repulsed and vice versa. Attraction is
shown by magnets with opposite polarity (+/—) and repulsion by same-polarity magnets
(+/+4). The strength of each force is indicated by magnet size and field lines.

Therefore, we propose a novel language guided soft-contrastive learning frame-
work to transfer the intrinsic robustness from the language to the vision model, by
aligning their feature spaces. Differently than previous works [59, 54, 29, 30], our
contrastive framework treats each pair of images as both a positive and a negative
pair, with a score of “positiveness” and “negativeness” based on the semantic sim-
ilarity between image captions. In this way, the feature representation of each pair
will be both attracted and repulsed with a strength proportional to how likely they
share the same semantic content. This strategy leads to multiple benefits. Firstly,
it aligns the language and vision feature spaces, transferring the intrinsic robustness

to complex domain shifts from the language to the vision model. Secondly, it does
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not require to determine positive and negative pairs, since each pair plays simultane-
ously as a positive and a negative pair. This avoids using the vision model itself (as
in [29, 30]) to discriminate between positive and negative pairs, reducing the effects
of confirmation bias. Finally, our solution reduces the adverse effects of mistakenly
assigning a pair as positive or negative. If two samples have incorrect pseudo-labels,
the pair will not be strictly assigned to either the positive or negative class. Instead,
their feature representations are both attracted and repulsed, limiting the impact of
the incorrect assignment.

More formally, let S = {a,(x!), a,(2})}2 | be a batch composed of target samples,
where we apply a weak a,, € A, and a strong augmentation a, € A, drawn from
distributions 4,, and A,. Standard self-supervised contrastive methods [54, 59]

optimise the following:

ot~ log exp(z; - 2;/T) (4.4)
v Z 2 jen €rp(zi- 2/T)

where z; = f(a,(xt)) and z; = f(as(z})) are feature representations extracted from
the weakly and strongly augmented i-th target sample, 7 is a temperature parameter,
and NV : {j|1 < j < B,j # i} is the set of indices of all the negative samples. In this
formulation, only the augmented version of the same sample is treated as positive,
while all the other samples are treated as negatives.

Inspired by [147], we generalise this formulation to account for multiple positive
samples. Each pair of images in the batch is treated as positive, with a score of

positiveness depending on how similar their captions are, leading to the following

objective:
B |S| .
1 simy; p) - exp(z; - Zp/T)
L ==Y log{ — P , (4.5)
zi: { |S| ; > jen (1 —simg ) - exp(z; - z;/7)
where sim (g = 4T g the cosine similarity between the DistilBERT
(ab) = 78BS the cosine similarity between the Distl

features vectors for the text descriptions of target samples 2% and x?. Differently than
Eq. (4.4), we treat each sample in the batch (e.g. z,) as positive of the i-th sample,
requiring to include another summation over the cardinality of the multiviewed

batch. This results in attracting the feature representations of a pair of images
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(z¢,2?) with a strength equal to sim, ), while repulsing them with a strength equal

to 1 — sim(a7b).

4.2.4 Overall Framework

To adapt the source to the target domain, we train a vision model on both the
source and target domains, combining the source labels and the target pseudo-labels
generated in Sec. 4.2.1. Differently than [87], we reweight the classification loss for
target samples based on the reliability of the pseudo-labels estimated in Sec. 4.2.2.
The higher the estimated reliability, the more it will contribute to the classification

loss. Hence, we train TRUST with the following classification losses:

|Ds|
£ = 52 > Len(h(Fau(a}). ) (1.6)
Dy
£ = 51 D - Lon(h( (o (). 50) + (1= ) - Lop(h( (o o). 2. (47

where L¢g is the cross-entropy loss, w; is the reliability weight calculated from CLIP
(c.f. Section 4.2.2), pi = h(f(as(z}))) are predictions obtained by the vision model
on strongly augmented samples, and a,, and a, are weak and strong augmentations,
respectively.

The overall loss function is the following:

L= L84 L4 L. (4.8)

4.3 Experiments

Datasets. For the evaluation of TRUST, we use the GeoNet [80] and DomainNet
[22] datasets. GeoNet is the largest dataset for geographical domain adaptation,
with over 750,000 images, and has been recently introduced to study the effect of
geographical shifts in images. GeoNet is composed of two subdatasets called Geolm-
net, for image classification across 600 classes, and GeoPlaces, for scene recognition
across 205 classes. DomainNet-345 is a dataset commonly used for UDA, consisting

of 400,000 images across 345 classes. As previous works [80, 87], we present results
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on 12 transfer scenarios involving 4 domains: Real (R), Clipart (C), Sketch (S), and
Painting (P). For GeoNet, we use the metadata of the dataset and concatenate the
tags, alt-text, and free-form captions provided for each image to create the captions.
For DomainNet, we use the captions provided by [87], which have been generated
with BLIP-2 [144].

Implementation details. Following [87], we use a ViT-base [2] and a Swin-base
[3] backbone as the image encoder of the vision model on GeoNet and DomainNet,
respectively. Both backbones are pre-trained on ImageNet-1k [133], and we add
a 2-layer MLP as the classifier head. The vision model is trained using the SGD
optimiser, with a learning rate of 3 - 107*. For the language model, we use a pre-
trained Distill-BERT [146] model from HuggingFace and we fine-tune it on the
source domain data using the AdamW optimiser with a learning rate of 5 - 1075,
Both training employ a cosine decay scheduler. We use the same weak and strong
augmentations as in [30]. The code will be available upon acceptance.

Baselines. We employ two text baselines (TextMatch and nGramMatch) as in [87]
to evaluate the effect of using the source data for fine-tuning the language model,
instead of using directly the target captions. We also compare with CLIP employing
two baselines: CLIP zero-shot inference [82], performed by incorporating the domain
information into the text prompt of CLIP (e.g., A clipart of a <class>); CLIP model
finetuned on the source to adapt it to the data distribution. Finally, we employ
a training-free baseline by ensembling CLIP and TextMatch (CLIP+TextMatch)
by averaging the CLIP’s image-text similarity and the TextMatch’s caption-label

similarity, and then computing the argmax to obtain the ensemble predictions.

4.3.1 Results

GeoNet. Table 4.1 presents results of TRUST on the geographical shifts of the
GeoNet datasets. Our method outperforms the source-only baseline by +14.63%.
Compared to LaGTran [87], we improve performance by +0.92% and we achieve bet-
ter performance on all the shift settings of both Geolmnet and GeoPlaces. We also
compare our method with the zero-shot performance of CLIP and CLIP-+TextMatch.
Despite CLIP being trained on a significantly larger amount of data, our approach
obtains a gain in performance of +10.80% and +9.28%, respectively. While in most
of the settings the CLIP+TextMatch performs better than CLIP and TextMatch
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Geolmnet Av GeoPlaces Av Total
USA AU & TUSA AU & Avg.

Baselines
TextMatch [87] 49.68 54.82 52.25 53.06 50.11 51.58 51.92

nGramMatch [87]  49.53 51.02  50.27  51.70 49.87  50.78  50.93
CLIP+TextMatch  50.11 54.92 52,51  50.36 52.14  51.25 51.88

Zero-shot classification

CLIP [88] 49.84 53.83  51.83 4341 54.34  48.87 50.36
CLIP* [8§] 57.79 59.12  58.45 4891 55.80  52.40 55.42
Unsupervised Domain Adaptation

Source only 52.46 51.91  52.18 44.90 36.85  40.87 46.53
CDAN [142] 54.48 53.87  54.17  42.88 36.21  39.54  46.86
MemSAC [148] 53.02 54.37  53.69  42.05 38.33  40.19 46.94
ToAlign [25] 55.67 55.92  55.79  42.32 38.40  40.36  48.08
MDD [149] 51.57 50.73  51.15  42.54 39.23  40.88  46.02
DALN [26] 55.36 55.77  55.56  41.06 4041  40.73  48.15
PMTrans [32] 56.76 57.60 57.18  46.18 40.33  43.25 50.22
LaGTran [87] 63.67 64.16 6391 56.14 57.02  56.58 60.24
TRUST 64.81 65.12 64.96 57.56 57.17 57.36 61.16

Table 4.1: Classification accuracy (%) under the geographical shifts of GeoNet. All meth-
ods use a ViT-base backbone. Best results are in bold, second best results are underlined.
TRUST outperforms the state-of-the-art by +0.96% on Geolmnet (Avg.) and by +0.78%
on GeoPlaces (Avg.). The symbol * indicates models finetuned on the source data.

used alone, results are still lower than TRUST . We hypothesise that CLIP and
TextMatch make coherent mistakes, leading to a low improvement when ensembling
the two models. Finally, compared to the CLIP model finetuned on source data
(CLIP*), TRUST improves accuracy by +5.74%.

DomainNet-345. Table 4.2 presents results on DomainNet-345 that, exhibiting
classical shifts, leads to generally higher scores than in GeoNet. For instance, CLIP
and CLIP* achieve a notable accuracy of 70.38% and 71.26%. As for GeoNet,
TRUST outperforms standard UDA approaches, CLIP and CLIP* by +3.46%,
2.71% and +1.83%, respectively. On non-real to real transfers, TRUST performs
worse than CLIP and CLIP+TextMatch. A possible explanation is that CLIP is
trained on a massive amount of real-world data, potentially eliminating any domain
shifts between the train and test settings. Differently, TRUST is trained on non-
real images (the source domain), which instead exhibit domain shifts with testing
data. Nonetheless, TRUST achieves overall superior performance across diverse tar-
get domains, demonstrating its adaptability to different domain shifts. Compared

to LaGTran, which also uses text during training, TRUST improves accuracy on
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Real — Clipart — Sketch — Painting — Average
C S P R S P R C P R C 8
Baselines
TextMatch [87] 7136 64.30  65.32 81.25 65.65 64.85 81.09 72.65 63.94 81.08 70.84 64.17 70.14
nGramMatch [87] 68.92 59.82 63.15 76.35 61.72  62.87 76.35 69.28  62.51 76.04 68.52  60.52 67.17

CLIP+TextMatch [87] 72.89 63.56 66.97 81.53 62.98 66.74 81.89 7281 65.97 81.87 72.07 6334 7105

Zero-shot Classification

CLIP [38] 72.39  60.90 66.81 81.37  60.90 66.81 81.37 7239 66.81 81.37 7239 60.90  70.38
CLIP* [88] 7345 62.81 67.07 81.71 62.81 67.07 81.71 7345 67.07 81.71 7345 6281 71.26
Unsupervised Domain Adaptation

Source only 63.02 4947 60.48 70.52  56.09 52.53 7042 6591 5447 73.34  60.09 4825  60.38
MCD [117] 39.40 25.20 41.20 44.60 31.20 25.50 34.50 3730 27.20 48.10 31.10 22.80  34.01
MDD [149] 52.80 41.20 47.80 52,50 42.10 40.70 54.20 54.30 43.10 51.20 43.70 41.70  47.11
CGDM [150] 49.40  38.20 47.20 53.50  36.90 35.30 55.60  50.10  43.70 59.40 37.70 33.50  45.04
SCDA [28] 54.00 42.50 51.90 55.00 44.10  39.30 53.20 55.60 44.70 56.20 44.10 42.00  48.55
SSRT-B [151] 69.90 58.90 66.00 75.80  59.80 60.20 73.20 70.60 62.20 7140 61.70 55.20  65.41
MemSAC [148] 63.49 42.14 60.32 7233 5492 46.14 7346 68.04 52.75 7442 5779 43,57  59.11
CDTrans [33] 66.20 52.90 61.50 72.60 58.10 57.20 72.50  69.00 59.00 7210 6290 53.90 @ 63.16
PMTrans [32] 74.10  61.10 70.00 79.30  63.70 62.70 77.50  73.80 62.60 79.80 69.70 61.20  69.63
LaGTran [87] 77.30 68.25 67.35 81.31 67.03 66.81 80.78  75.62  68.08 79.23 7380 63.44 7241
TRUST 78.65 69.99 68.69 80.19 67.07 67.50 79.98 77.24 68.51 80.62 75.24 63.49 73.09

Table 4.2: Classification accuracy (%) under the classical shifts of DomainNet-345. All
methods use the Swin-base backbone. TRUST achieves the highest accuracy on 7 out of
the 12 domain shifts and the highest accuracy on average. The symbol * indicates models
finetuned on the source data.

Hard Soft CLIP Avg.
Contrastive | Contrastive Uncertainty  Acc.
X X X 61.04
v X X 61.50
X v X 64.01
X X v 62.11
X v v 64.96

Table 4.3: Ablation studies of components of the proposed method measured by classifi-
cation accuracy (%) on Geolmnet.

average by +0.68%, demonstrating the effectiveness of the introduced components.
Moreover, TRUST performs best in almost all the transfer scenarios, achieving the

best or second best results on 9 out of 12 scenarios.

4.3.2 Analysis

Ablation Studies. In Table 4.3, we report ablation studies for the TRUST compo-
nents on GeoNet. When using only the pseudo-labels, TRUST achieves the lowest
accuracy of 61.04%. When adding the standard contrastive loss [54] (second row)
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Method Avg. Acc.
TRUST w/ CLIP 59.87
TRUST w/ CLIP* 61.95
TRUST w/ CLIP-Text 62.72
TRUST w/ BERT* 64.96
TRUST w/ batch-max norm. 63.59
TRUST w/ bank-max norm. 63.87
TRUST w/ class-max norm. 63.75

TRUST w/ softmax (Eq. (4.3)) 64.96

Table 4.4: Classification accuracy (%) on Geolmnet comparing CLIP and BERT for gen-
erating pseudo-labels (Sec. 4.2.1) and different strategies of normalising CLIP scores in
Eq. (4.3). The symbol * indicates models finetuned on the source data.

that requires a hard selection of positive and negative pairs, the improvement in
performance remains negligible. But when using our proposed language guided
soft-contrastive loss (Sec. 4.2.3), we boost the performance by +2.51% (third row),
showing the effectiveness of our proposed solution. The fourth row presents the re-
sults enabling only our CLIP-based uncertainty estimation (Sec. 4.2.2), which brings
a gain in performance of +1.07%. Finally, in the last row, we show the gain obtained
by the full TRUST model which, enabling both the two introduced components, fur-
ther improves performance by +3.93%.

Generating pseudo-labels with CLIP. Table 4.4 (top part) presents results using
CLIP [82] for generating pseudo-labels in Sec. 4.2.1, as an alternative to finetuning
BERT. We compare three different CLIP-based approaches: the CLIP zero-shot in-
ference (TRUST w/ CLIP), the CLIP model finetuned on source data (TRUST w/
CLIP*) and the generation of pseudo-labels by evaluating the similarity between
captions and class names in the CLIP’s text feature space (TRUST w/ CLIP-Text).
Results show that using CLIP (instead of BERT) for obtaining the pseudo-labels
leads to lower performance. Moreover, text-only based approaches, like CLIP-Text
and BERT, achieve better results, justifying the assumption that language models
benefit of a larger robustness to domain shift than vision models.

Normalisation of the CLIP similarity score. Table 4.4 (from second to last
row) shows results using different choices for the normalisation of the CLIP similar-

ity score s** (Sec. 4.2.2). Specifically, we compare three different solutions, where
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Figure 4.5: Probability density function of reliability weights estimated in Sec. 4.2.2 for
target samples having correct and wrong pseudo-labels. We observe that our strategy is
able to assign lower weight to wrong pseudo-labels, reducing their impact on the classifi-
cation loss.

0.0

s is divided by the maximum score in the batch (batch-max), the maximum score
in the training set (bank-max), and the maximum score for the corresponding class
in the training set (class-max). Despite these strategies overcome most of the base-
lines, using the softmax function (Eq. (4.3)) we achieve the best performance, with
a gain of +1.10% over the second best normalisation strategy.

Effectiveness of CLIP-based uncertainty estimation. Figure 4.5 illustrates
the effectiveness of the proposed CLIP-based uncertainty estimation strategy, show-
ing the distribution of the reliability weights w (Sec. 4.2.2) for target samples with
correct and wrong pseudo-labels ¢. Figure 4.5 shows that the two distributions are
clearly separable and samples with correct pseudo-labels have high values of w (high
reliability), while samples with wrong pseudo-labels have lower values of w (low re-
liability). These results validate our strategy to use CLIP to identify low-quality
text descriptions, which is able to down-weight wrong pseudo-labels and to reduce
their contribution in the classification loss.

Effects of the soft-contrastive loss. In Figure 4.6, we qualitatively analyse
the effectiveness of our soft-contrastive loss in aggregating the representations of
semantically similar samples that belong to the same class. Specifically, we show
the top-3 nearest neighbour retrievals using features computed by the vision model,

when trained with the standard hard contrastive loss [59, 54] (Hard contrastive)
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Label:farmers_market Label: farmers_market

Label:street_car Label:street_car Label:street_car Label:bus_stop

Figure 4.6: Visualisation of nearest neighbors for two target images (grey borders) compar-
ing the standard contrastive loss [59, 54] (top two rows), and our soft-contrastive loss (c.f.
Sec. 4.2.3) (bottom two rows). Images with green borders represent correctly retrieved
images; images with red borders represent retrieval mistakes. Our approach exhibits bet-
ter “same-class” retrievals even in the presence of semantically similar classes.

or with the proposed soft-contrastive loss. Fig. 4.6 shows that our loss produces
a more fine-grained retrieval even in presence of semantically similar classes (e.g.
streetcar, cable_car, shuttle_bus). On the contrary, the hard contrastive loss leads to
less accurate retrievals, likely because it results in a coarser-grained feature space,
where visually similar classes are aggregated even though they represent different

semantic concepts (e.g. farmers_market and plaza).

4.4 Summary

In this work, we introduced TRUST, a novel approach to UDA for image classi-
fication that leverages textual data to guide the adaptation to the target domain.
TRUST generates pseudo-labels for target samples from captions and estimates their
uncertainty using CLIP to mitigate the impact of wrong pseudo-labels in the clas-
sification loss. We also proposed a novel soft-contrastive learning framework that

aligns vision and language feature space, to transfer the shift robustness from the
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language to the vision model. Our extensive evaluations on DomainNet and GeoNet
benchmarks demonstrated that TRUST outperforms the current state-of-the-art in
both classical and complex domain shifts.

Regarding limitations and possible negative impact, TRUST introduces the lim-
ited overhead to require text data in both domains. Additionally, using text data in
the training may introduce some bias in the model. Similar to other UDA methods,
TRUST allows to deploy Al across domains, possibly leading to harmful applications
in case of misuse.

Chapters 3 and 4 presented two approaches based on domain adaptation as
a solution to reduce the burden of collecting annotated data. The next chapter
will focus on a different paradigm, namely the weak-supervised learning, where
the annotation cost is reduced by using coarse-grained labels that are easier to be

obtained.
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Chapter 5

Crowd Density Estimation
without Location-level

Annotations

Beyond domain adaptation, another way to reduce the burden of collecting fine-
grained annotations is weak supervision, which relies on weaker forms of annotations
that are easier and more economical to obtain. Hence, this chapter focuses on the
task of crowd density estimation, which involves predicting spatial density maps that
indicate how many objects are present in different regions of an image. This task
requires fine-grained, location-level annotations, where each object is individually
marked, thus making the annotation process very costly. To overcome this issue,
this chapter proposes a weakly supervised pipeline for crowd density estimation that
avoids the need for location-level annotations. By leveraging only count-level labels,
the framework generates spatially meaningful density maps, significantly lowering
annotation costs.

The findings and contributions of this chapter have been submitted to an inter-

national journal. !

5.1 Introduction

Crowd density estimation aims to predict a spatial map representing the density

of people in images [152]. Despite considerable strides in this area, most current

Mattia Litrico, Feng Chen, Michael Pound, Sotirios A Tsaftaris, Sebastiano Battiato, Mario
Valerio Giuffrida, ”Count2Density: Crowd Density Estimation without Location-level Annota-
tions” [18]. Under Review, Pattern Recognition, 2025.
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Approach Annotations Annotations Cost Predictions Subregion counting
Fully supervised [154, 155]  Location-level High Density maps v
Note: Entire training set is annotated.
Semi-supervised [105, 106] ~ Location-level Density maps v
Note: A portion of the training set is annotated.
Cross-domain [109, 156] Location-level Density maps v
Note: Source domain is fully annotated, target domain is unlabelled.
Regression-based [157, 110]  Count-level Low Crowd counts X
Note: They do not directly predict density maps, which are extracted from feature maps lacking quantitative density information.
COUNT2DENSITY Count-level Low Density maps v

Note: Count-level annotations are used to generate pseudo-density maps.

Table 5.1: Differences with previous approaches. COUNT2DENSITY is trained to predict
density maps, by generating pseudo-density maps from count-level annotations. This
way of training reduces the effort of collecting location-level annotation while enabling
subregion counting.

approaches require fine-grained location-level annotations to train a model, such
as bounding boxes or points [104]. The need for large and fine-grained annotated
datasets has become more pressing, as deep learning approaches for density estima-
tion have gained popularity [98]. However, collecting such annotations is tedious,
error-prone, and time-consuming, often requiring domain-specific expertise, espe-
cially in scenarios where objects are difficult to detect [153]. This significant anno-
tation cost and effort act as a major bottleneck for the widespread deployment of
crowd density estimation in practical applications and for the development of large,
diverse datasets required to train state-of-the-art deep learning models.

To reduce the burden of collecting fine-grained location-level annotations, several
approaches have been proposed, as summarised in Table 5.1. Semi-supervised meth-
ods predict density maps using datasets partially annotated with location-level data
[103], reducing the number of annotated images but still requiring some location-
level annotations. Cross-domain adaptation trains deep networks on fully annotated
source datasets and adapts them to unlabelled target datasets, requiring location-
level annotations for the source domain [156]. Unsupervised methods avoid this
requirement but perform significantly worse than semi-supervised and cross-domain
approaches [102]. While these methods offer advancements, they still fall short of
fully eliminating the need for expensive location-level annotations or compromise on
performance for practical applications. Another approach is regression-based meth-

ods, whereby the model is trained to predict the total number of people in images
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[110]. Although this approach helps to reduce the burden of collecting fine-grained
annotations, its predictions do not provide spatial information, preventing subre-
gion counting as these models do not generate any density maps. Therefore, there
remains a critical need for methods that can significantly reduce annotation costs by
relying solely on readily available count-level data, while simultaneously retaining
the ability to generate meaningful density maps that provide quantitative spatial
information and enable fine-grained tasks such as subregion counting.

A recent paper stated, “Developing techniques to automatically generate and
refine labels using unsupervised or semi-supervised learning approaches could con-
tribute to model generalization and improve accuracy in real-world scenarios where
annotated data may be scarce or unreliable.” [153]. COUNT2DENSITY aims to
address this gap in the field.

To overcome the need for location-level annotations while still predicting spa-
tial information for crowd density estimation, we propose COUNT2DENSITY, a
novel pipeline designed to directly predict meaningful density maps leveraging only
count-level annotations during training, which are easier to collect [104]. To retrieve
quantitative spatial information from counting values, we generate pseudo-density
maps from past predictions stored in a historical map bank, updated with an expo-
nential moving average of predicted density maps. At each iteration, an averaged
density map is fetched from the bank and converted into an attention map. Then,
we leverage the count-level annotation to sample as many locations as the total
number of people in the image, using the attention map values as a probability
prior. The generated pseudo density-map is then used to train the model in a
self-supervised fashion. To further improve the spatial awareness of the model, we
incorporate a self-supervised contrastive spatial regulariser that encourages similar
features within crowd regions, while promoting dissimilarity with background re-
gions. This unique integration of a Historical Map Bank and a contrastive spatial
regulariser allows COUNT2DENSITY to infer detailed spatial density information
from count-level supervision, a challenge previously under-explored in the literature.

We benchmark our method on several major crowd counting datasets [98, 158,
159] outperforming the state-of-the-art by a large margin. When compared to
cross-domain approaches, our method reduces the Mean Absolute Error (MAE)
by 49.1 (from 198.3 to 149.2) on UCF-QNRF, and by 7.8 (from 99.3 to 91.5) on
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SHANGHAITECH-A. We also present results obtained by training our method in
a semi-supervised manner, further outperforming related state-of-the-art methods.
Qualitative results demonstrate that COUNT2DENSITY generates meaningful den-
sity maps from count-level annotations, enabling subregion counting. Additional
analyses validate the effectiveness of each individual component in our pipeline.

The main contributions of our work are as follows:

e To reduce the cost of collecting fine-grained location-level annotations, we
introduce COUNT2DENSITY, a novel pipeline that predicts meaningful den-
sity maps using only count-level annotations, overcoming the fundamental

limitation of regression-based methods that lose spatial information.

e To capture spatial information, COUNT2DENSITY leverages count-level an-
notations to generate pseudo-density maps by sampling points from past pre-
dictions. Additionally, we add a self-supervised contrastive spatial regulariser
to enhance the model’s spatial awareness, guiding representations in both
crowd and background areas. These two methodological contributions are
central to the ability of our model to infer rich spatial information from count-

level annotations.

e We evaluate COUNT2DENSITY on several benchmark datasets, achieving sig-
nificant improvements over state-of-the-art cross-domain and semi-supervised
approaches. Our analyses demonstrate the ability of COUNT2DENSITY to
effectively retrieve spatial information from count-level annotations and estab-
lish a new paradigm for density estimation without the need for burdensome

and costly annotations.

5.2 Proposed Method

Fig. 5.1 offers an overview of our approach: an input image x; is provided into the
model to predict a density map. The predicted density map M, is used in the loss
function, minimising the difference with a generated pseudo-density map M,;. The
pseudo-density map is obtained by sampling as many locations as in the ground-
truth count-level annotation, leveraging past predictions stored in a Historical Map

Bank as probability prior. To mitigate the confirmation bias, the historical map
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Figure 5.1: Overview of COUNT2DENSITY. (a) The input image x; is provided to the
backbone to predict a density map M;. (b) x; is provided to an unsupervised saliency
estimator to initialise the Historical Map Bank #H (Section 5.2.2). The historical map
bank is updated at each epoch, using an Exponential Moving Average (Equation (5.2))
of the predicted density map M;. For each image z;, the information in H is retrieved
and H; is used to sample y; (count-level annotation) points to generate a pseudo-density
map M, that is used as source of self-supervision to update the weights of the feature
extractor ¥ and the density map estimator ®. (c) Using the threshold image obtained
from the predicted density map M;, we distinguish between crowded and background
regions. Positive pairs are then formed by pairing crowded areas. Note that the patch
selection is performed on the feature maps extracted by W. (Best viewed in colour.)

bank is updated iteratively using an exponential moving average. Lastly, to improve
the spatial awareness of the model, we adopt a self-supervised contrastive loss to

encourage distinguishable features between crowd and background regions.

5.2.1 Problem Statement

e R3>*HEXW and count-level

Let D = {x;,y:} Y, be a dataset containing N images ;
labels y; € N. Given a feature extractor W(z;), which extracts a feature vector
z € RP from an input image z;, and a decoder ®, we train the network to predict

a density map M ; € RA*W obtained as M ; = ®(z;). The predicted total count ¥ is
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calculated by integration from M; as described in [152]:>

5= Mi(u,v). (5.1)

5.2.2 Generating Pseudo-Density Maps

Count-level annotations lack quantitative spatial information. The purpose of COUNT2DENSITY
is to retrieve spatial information from only count-level annotations, as count values
are the only source of supervision used during training. Inspired by the paradigm of
training from noisy labels, COUNT2DENSITY generates pseudo-density maps from
count values by sampling locations that are likely to belong to crowd-dense regions.
Any sampling errors are treated as noise within the pseudo-labels. The generated
pseudo-density map retrieves quantitative spatial information from count-level an-
notations, and these are used as self-supervision for training the model.

Fig. 5.1(b) shows how the pseudo-density maps are generated during training.
We build a historical map bank H € R¥N*H*W that stores past predictions M; for
each input image z; in the training set. Specifically, each entry H; € R¥*W in the
historical map bank is updated at each epoch ¢ by calculating an exponential moving
average of the predicted density map M, as follows:

1O = it + (1 — )", (5.2)
where 0 < o < 1 is a hyperparameter controlling the update of the historical map
bank, and the subscript ¢ indicates that the ¢-th map is obtained by averaging past
predictions from the ¢-th training image. In this way, the averaged density maps
in the historical map bank act as an ensemble of networks, alleviating confirmation
bias [78]. Note that for each image in the training set, we store a corresponding
map in the bank. This means that the output from the i-th image, contribute in
updating only the i-th map in the bank.

The historical map bank calculated in Equation (5.2) is computed for each image
in the training set and used as a probability prior to generate the pseudo-density

maps at each training iteration. Specifically, we take the i-th map in the bank "Hgt)

2Note that Eq. (5.1) can be adopted for subregion counting.
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at epoch t and we normalise® it to make its values represent the probability of a pixel

being in a crowd region. We denote the normalised map as ”HZ@

. Then, to generate
the pseudo-density maps, we sample p = {u;, v, }?:0 number of locations equal to the
count label y;, where u; and v; indicate the horizontal and vertical coordinates of
the sampled point, Eﬁpectively. The sampling is performed using a hypergegmetric
distribution M (y;, HE“), where y; is the number of sampled locations and 7—L§” is the
probability of each pixel being sampled. This process is equivalent to performing y;
Bernoulli samplings without replacement.

At the beginning of the training, the historical map bank contains arbitrary val-
ues, diminishing the spatial information in the generated pseudo-density maps. To
address this issue, we opt to initialise the historical map bank using an unsupervised
saliency estimator. This estimator predicts a binary map, where non-zero pixels in-
dicate salient regions within an image. This initialisation provides a noisy prior for
generating subsequent pseudo-density maps. An example of the saliency estimation
is depicted in Fig. 5.1. Unsupervised saliency estimation methods [160] have been
shown to perform on par with their supervised counterparts [161] across several
scenarios. The current literature is rich in saliency estimation approaches, using
hand-crafted priors or relying on videos to learn a salient object detector. Here,
we use BAS-NET [162], as it is fully unsupervised and exhibits good performance in
different scenarios. To initialise the Historical Map Bank, we run BAS-NET on each
of the training images and we use the prediction to initialise the corresponding map

in the bank. More formally, we initialise the Historical Map Bank as follow:
H) = BASNET(x,),

where ; is a training image and H{ is the corresponding map in the Historical
Map Bank. The superscript 0 means that this initialisation is performed before
the training (¢ = 0). In Section 5.3.2, we present an analysis of the performance
achieved by comparing various saliency estimators. We also show the performance
of COUNT2DENSITY without saliency initialisation. Our analyses will show that
initialising H with BAS-NET [162] improves performance, and it does not require any

extra source of supervision, as it was designed to operate without ground-truth.

3The normalisation is performed by dividing each pixel by the maximum value in the map Hgt).
After that, we apply a Gaussian filter to smooth out the result.
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5.2.3 Learning Spatially Consistent Features

Crowd images can be divided into crowded and background areas. Specifically,
crowd regions are typically characterised by distinct patterns, making them signif-
icantly different from background areas (e.g., sky, buildings, etc.). Based on this
observation, we leverage a self-supervised contrastive feature regulariser to promote
spatial consistency for the feature extractor W(-), as shown in Fig. 5.1(c). This
regulariser encourages the feature distribution within crowded regions to be sim-
ilar. The distance between representations extracted from crowded areas is min-
imised, while the distance between features extracted from background areas is
maximised. Contrastive learning [163] requires positive pairs (f, f) and negative
pairs {(f, fo), (f. 1), (f, fx)}, which we select using the predicted density map
M. Specifically, we normalise M and then apply a threshold to select non-zero pixels
that corrispond to crowd regions. At this point, we build positive pairs by matching
two crowded areas and negative pairs by matching a crowd and a background area.

We then optimise the following contrastive loss:

exp (U(f)T - W(f+)/7)
S gexp (U(f)T-U(f)/7)

where the temperature 7 controls the scale of the dot product, and T indicates the

LY = —log

(5.3)

transposition operation.

5.2.4 Total Objective Function

We train COUNT2DENSITY by optimising the following combined objective func-
tion:

L(z;; 0, ) = LM9P 4 Lot (5.4)

where £M% and L are equally weighted.

Our approach is agnostic to the choices of ¥ and ¢ (the backbone), and we
adapted several state-of-the-art architectures to demonstrate its effectiveness. As
different backbones use different loss functions for the £™% term in Eq. (5.4), we

modify £ accordingly.
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5.3 Experiments

Implementation Details. We used PyTorch as the deep learning framework.
Since COUNT2DENSITY is agnostic to the backbone (c.f. Section 5.2.4), we inte-
grated our training framework into the following state-of-the-art architectures: (i)
[164], which models noisy annotations for crowd counting (referred to as Ncc); (ii)
[154], which adopts a Bayesian loss (BL); (iii) [165], which employs a generalised
loss (GL); and lastly, (iv) the Multifaceted Attention Network [155] (MAN). To in-
tegrate our framework with these methodologies, we use their same backbones and
losses (L™) Moreover, we also evaluate our framework using a standard U-Net
architecture and a Mean-Squared Error (MSE) as £™. For fair comparisons, hy-
perparameters were set as in their respective implementations. We set a = 0.7 in
Eq. (5.2), and 7 = 0.07 in Eq. (5.3). The value of a was chosen following a grid
search, while the value of 7 was taken from [30].

Datasets. We adopted the following datasets: SHANGHAITECH [98], UCF-QNRF
[158], JHU-CROWD++ [159], NWPU-CROWD [166]. SHANGHAITECH consists of two
subsets: Part A (482/300 images for training/testing) and Part B (716/400). UCF-
QNRF is a large-scale dataset with 1,535 high-resolution images (1,201/334 for train-
ing/testing). JHU-CROWD-++ contains 4,317 images (2,722/500/1,600 for train-
ing/validation/testing). NWPU-CROWD [166] is a massive crowd counting dataset
containing highly congested crowds and appearance variations.

Evaluation Metrics. As in [154, 155, 164, 165], we use the Mean Absolute Error
(MAE) and the Root Mean Squared Error (MSE) as evaluation metrics:

2

N N
1 1 )
MAE = — — | MSE = [ = . .
N;!yz ;| , MS (N;(yz yz)> , (5.5)

where N is the number of images, while y; and ¢, are the count-level annotations
and predicted counts (c.f. Eq. (5.1)), respectively. For a qualitative evaluation of
the predicted density maps, we use the Structural Similarity Index Measure (SSIM)
and Peak Signal-to-Noise Ratio (PSNR).
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| Annotation Type | UCF-QNRF[158]  SHT-A[98] ~ SHT-B[98] JHU-CROWD-+[159] NWPU-CROWD [166]
Method | Locations Counts Self-labels | MAE ~ MSE | MAE MSE | MAE MSE | MAE MSE | MAE MSE
Density estimation Methods
Fully Supervised
Nee [164] v 85.8 150.6 | 61.9  99.6 74 113 | 67.7 258.3 96.9 534.2
GL [165] v 84.3 1475 | 61.3 954 | 7.3 117 59.9 259.5 79.3 346.1
BL [154] v 85.8 150.6 | 61.9  99.6 74 11.3| 67.7 258.5 105.4 454.2
MAN [155] v 77.3 131.5 | 56.8 90.3 53.4 209.9 76.5 323.0
Semi-supervised
L2R [103] A v 148.9  249.8 90.3 153.5 | 15.6 24.4 125.0 501.9
UDA [167] A - - 93.8 157.2 | 15.7 241 - - - -
MT [168] A - - 94.5 156.1 | 15.6 245 - - 129.8 515.0
1CT [169] A 92.5 156.8 | 154 23.8
MATT [104] A v - - 80.1 1294 | 11.7 175 - - - -
IRAST [105] A v 135.6 2334 86.9 148.9 | 14.7 229 | 135.0 450.7 1 1221 1 484.3 1
ap [106] A 160.0  275.0 | 102.0 172.0 | 15.7 279 - - - -
PAL [108] A 128.1  218.0 72.7 1116 | 12.0 187 129.6 400.4 178.7 1080.4
AC-AL [107] A 87.9 139.5 | 13.9 26.2
cu [170] A 104.0 164.2 | 70.7 116.6 | 9.7 17.7| 748 281.6 108.7 458.0
COUNT2DENSITY (Semi-sup.) 5% A v 120.1  201.0 | 70.5 105.6 | 13.0 20.1 65.8 189.1 107.5 448.1
COUNT2DENSITY (Semi-sup.) 10% A v 102.2 1524 | 62.7 98.3 | 10.2 16.7 | 60.9 181.5 99.7 398.0
Cross-Domain
SE+FD [171] * - - 129.3 187.6 | 16.9 24.7 - - - -
cp-cc [156] * 198.3 3329 |109.2 168.1 |11.4 17.3 - - - -
BLA [109] * 198.9  316.1 | 99.3 1450 | 11.9 18.9 - - - -
IRAST [105] t v 437.1 4984 | 2185 289.9 | 64.3 69.9 | 2484 683.5 287.3 824.1
Yang et al. [112] v - - 1046 1452 | 123 212 - - - -
COUNT2DENSITY v 1912 3213 | 95.3 1549 | 154 23.7 | 115.8 385.7 132.3 514.8
COUNT2DENSITY (ncc) v 164.6  270.5 | 100.3 165.2 | 35.1 47.3 | 102.2 298.2 122.9 489.9
COUNT2DENSITY (bl) v 162.4 2822 | 975 149.8 | 50.8 79.4 924 269.4 125.7 495.4
COUNT2DENSITY (gl) v 159.5 2684 | 91.9 1414 | 186 299 | 105.5 382.5 123.1 492.0
COUNT2DENSITY (man) v 149.2 258.2 | 91.5 135.2 | 155 24.6 78.3 220.8 122.2 485.3

Table 5.2: Comparison of COUNT2DENSITY with several related methodologies. For
each approach, we report the type of annotation used: locations, counts, or self-labels.
The v symbol indicates that the entire dataset is annotated (fully supervised); the A
symbol indicates that only 5-10% of the dataset is annotated (semi-supervised). The *
symbol indicates that the entire source domain is annotated (cross-domain). Best results
are marked in bold, second best results are underlined. Results are compared within
each category (fully supervised, semi-supervised, cross-domain). Unless specified with a
T symbol, results are taken from the related publications.

5.3.1 Results

Table 5.2 presents the results of COUNT2DENSITY compared with semi-supervised
density estimation and cross-domain approaches. For completeness, we also report
results obtained by fully supervised methodologies. Finally, Fig. 5.2 shows examples
of estimated density maps.

We first compare COUNT2DENSITY against a modified version of TRAST [105],
where we trained it using only count-level annotations to remove any contribution
from location-level ones. In this scenario, the results in Table 5.2 show that IRAST
degrades in performance, yielding higher counting errors compared to our proposed
method.
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ShanghaiTech-A UCF-QNRF

ShanghaiTech-B

JHU-Crowd++

==

Input Image Ground Truth Density Estimated Density

Figure 5.2: Density maps predicted by COUNT2DENSITY compared to ground-truth
density, showing both global and subregion counting.

Comparisons with Cross-Domain Approaches. Table 5.2 also presents com-
parisons with cross-domain approaches performing synthetic-to-real adaptation. Al-
though these approaches use location-level annotations in the source domain, they
are unsupervised when transferring to the target domain. Nevertheless, this still

constitutes an advantage over COUNT2DENSITY, which never sees location-level
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Method MAE | MSE | \ SSIM T PSNR T
CD-CC [156] 11.9 18.9 0.77 21.6
BLA [109] 12.8 20.6 0.72 21.1
IRAST [105] 27.5 31.8 0.58 18.75

COUNT2DENSITY 9.3 16.1 0.85 22.5

Table 5.3: Subregion counting performance and quality of predicted density maps on the
UCF-QNRF dataset.

ground-truth annotations during training. Despite this, COUNT2DENSITY drasti-
cally outperforms cross-domain approaches, especially on a large-scale dataset such
as UCF-QNRF. Cross-domain approaches, however, yield better performance than
ours on SHANGHAITECH-B, as this dataset is characterised by less dense scenes.
This occurs because the sampling strategy in Section 5.2.2 is better suited for highly
dense scenes, as the sampled points are more likely to be situated within crowd re-
gions.

Comparisons with Semi-Supervised Approaches. Table 5.2 shows compar-
isons with semi-supervised methods. Unlike COUNT2DENSITY, these methods
require a subset of the training set labelled with location-level annotations. Addi-
tionally, some semi-supervised approaches [107] augment the dataset by cropping
images into patches, which have been shown to improve counting performance [155,
164, 165]. However, this training strategy cannot be applied in our method be-
cause we solely rely on count-level annotations, which are calculated over the entire
image and thus lack count information on local patches. Despite these major differ-
ences, COUNT2DENSITY achieves comparable performance across all the datasets.
Specifically, our method outperforms IRAST and PAL on JHU-CROWD++, reducing
the MAE by ~ 40%. On the SHANGHAITECH datasets, COUNT2DENSITY outper-
forms most of the semi-supervised approaches.

We also assess the performance of COUNT2DENSITY when equipped with a
few ground-truth location-level annotations and trained in a semi-supervised fashion.
This is achieved by slightly modifying our pipeline as follows: for those images in the
training set with location-level annotations, we provide the ground-truth M; instead
of the pseudo-density map M, when evaluating £ (c.f. Equation (5.4)). With
this setup, COUNT2DENSITY outperforms the recent CU on SHANGHAITECH-A
and JHU-CROWD-++, achieving the best MAE of 70.5 and 65.8, respectively.
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Method Precision T Recall T F1 1
STEERER (Full-sup.) [172] 78.6 72,7 755
ADASEEM [173] 7.7 10.1 17.8
IRAST [105] 55.4 42.8 48.3
COUNT2DENSITY 75.2 67.9 T71.3

Table 5.4: Localisation performance on the UCF-QNRF dataset.

Quality of Density Maps. Fig. 5.2 shows qualitative examples of predictions
made by COUNT2DENSITY compared to the ground-truth. In Table 5.3, we also
quantitatively evaluate our predictions, assessing the ability to perform subregion
counting. Specifically, for subregion counting, we divide the density maps into small
tiles (subregions) and compare the counts between the predicted and ground-truth
tiles. For quantitatively assess the quality of the density maps, we calculate the
ssiM and PSNR between the predictions and ground truth. The results in Table 5.3
demonstrate that COUNT2DENSITY outperforms competing methods in subregion
counting. Additionally, our method achieves higher SSIM and PSNR values, indicating
better quality density maps compared to other methods.

To further evaluate the quality of predicted density maps, we follow the method-
ology in [172] to assess the localisation performance of COUNT2DENSITY. Briefly,
we determine location-level points from the predicted density maps by identifying
local minima. Table 5.4 shows that COUNT2DENSITY outperforms IRAST and
ADASEEM with a higher Fl-score, and yields comparable performance with respect
to a fully-supervised baseline, such as STEERER [172].

5.3.2 Analysis

Ablation Study. In Table 5.5, we report the results of the ablation study, by
removing each individual component from our pipeline (c.f. Fig. 5.1). Removing all
components leads to the worst performance, with an MAE of 218.2. By adding the
Historical Map Bank, we boost performance reducing the MAE by ~ 30%. This result
demonstrates that the Historical Map Bank can mitigate the effect of confirmation
bias, as discussed in Section 5.2.2. Furthermore, the addition of either the saliency

initialisation or the contrastive regularisation improves performance. Finally, it
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Historical Saliency (Contrastive

Map Bank Init. Reg. MAE MSE
X X X 2182 3854
v X X 158.1 271.1
X v v 206.4 354.2
v v X 154.7 2654
v X v 152.5  259.0
v v v 149.2 258.2

Table 5.5: COUNT2DENSITY ablation analysis on UCF-QNRF.

Input Image Beginning During

Figure 5.3: Pseudo-density maps generated during training. At the beginning, the pseudo-
map is generated using the saliency estimator. During training, we apply Eq. (5.2) to refine
the pseudo-map, refining the quantitative spatial information over time.

is clear that COUNT2DENSITY achieves the best performance when all of three
components work simultaneously.

Hypergeometric vs. Naive Sampling. To demonstrate the effectiveness of sam-
pling from a hypergeometric distribution, as described in Section 5.2.2, we assessed
a naive sampling strategy by selecting the top-y; points from Hgt). On UCF-QNREF,
the naive sampling strategy yields an MAE of 200.1, while our approach reduces the
error by ~ 25% (our best MAE on UCF-QNRF is 149.2; as reported in Table 5.2).
Evolution of the Pseudo-Density Maps During Training. Fig. 5.3 shows the
generated pseudo-density maps at different stages of training. At the first epoch, the
pseudo-density maps are generated from the output provided by the unsupervised
saliency estimator. Although this provides a spatial prior, the generated maps do not
contain much spatial information at the beginning. During the training, our method
progressively refines the pseudo-density maps, leading to meaningful estimations

toward the end of the training.
Historical Map Bank Initialisation. We assess how much COUNT2DENSITY
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depends on a good initialisation of the historical map bank to extract spatial infor-
mation from count-level annotations. The ablation study in Table 5.5 shows that
COUNT2DENSITY performs well without initialising the historical map bank (MAE
is ~ 2% higher than when BAS-NET is used). We took this analysis a step further,
and the results are in Table 5.6. We initialised the historical map bank with a naive
approach, by placing a blob with a fixed radius at the centre of each pseudo-density
map. Although this strategy does not provide accurate spatial information, we ob-
serve a reduction in the error by < 1% when compared with no initialisation. We also
compared unsupervised BAS-NET against another unsupervised saliency estimator,
TGSD [174], showing that the unsupervised BAS-NET achieves the best performance.
For completeness, we trained BAS-NET in a supervised fashion to establish a lower
bound performance. Although it is expected that a supervised saliency estimator
would improve performance,the such improvement is marginal, reducing the MAE
by < 0.5%, showing that COUNT2DENSITY performs well without relying on
location-level annotations to initialise H. Overall, it can be observed in Table 5.6
that COUNT2DENSITY is not overly reliant on the initialisation of the historical
map bank and the ablation in Table 5.5. Despite the performance reduction ob-
served with the historical map bank, best results are achieved when the moving
average in Eq. (5.2) is used in tandem with the contrastive regulariser and saliency
initialisation with the unsupervised BAS-NET [162].

Computational efficiency. We train COUNT2DENSITY for 18-24 hours on a
single NVIDIA RTX A6000 depending on the backbone used. We observed a peak
of about 10GB of GPU ram usage during training and 4GB during inference. For
inference, COUNT2DENSITY takes about 0.3s to process a single image and provide

the corresponding density map.

5.4 Summary

To reduce the cost of collecting fine-grained annotation for crowd density estimation,
we introduced COUNT2DENSITY, a method that leverages only count-level anno-
tations to predict meaningful density maps, also enabling subregion counting. Our
approach is capable of extracting spatial information from count values to generate

pseudo-density maps, which are then used to train the model in a self-supervised
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Method MAE MSE
None 152.5  259.0
Centred blob 1514 2604
TGSD [174] 150.1 257.9
Unsup. BAS-NET [162] 149.2 258.2
Sup. BAS-NET [162] 148.6 2574

Table 5.6: Comparison with different saliency estimators used to initialise the historical
map bank.

fashion. We show that COUNT2DENSITY outperforms cross-domain approaches
by a large margin across several datasets and shows significant improvements in per-
formance when trained in a semi-supervised setting, surpassing the state-of-the-art.

While our method demonstrates strong performance, it is not without limita-
tions. One notable challenge is the memory demands required to store the historical
map bank, which may limit the scalability of our approach for larger datasets or
real-time applications. Additionally, the training time and computational overhead
associated with maintaining the map bank could be prohibitive in certain settings.
Future work should focus on more efficient memory management strategies or alter-
native architectural designs to address these concerns.

Despite these limitations, our method presents a promising direction for crowd
density estimation and other domains where spatial information is unavailable dur-
ing training. COUNT2DENSITY opens up opportunities in challenging scenarios
where location-level annotations are scarce or impractical to collect. Overall, our ap-
proach offers an effective solution in density estimation, with potential applications

far beyond crowd counting.
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Chapter 6
Conclusions

This thesis has investigated fundamental challenges and proposed novel methodolo-
gies to advance deep learning in scenarios characterized by limited labelled data.
Each chapter focused on different aspects of reducing the reliance on large-scale,
fully and fine-grained annotated datasets, while improving model adaptability and
robustness in complex real-world environments.

Chapter 3 introduced a source-free open-set unsupervised domain adaptation
framework designed to transfer knowledge from pretrained models without access to
source data, while effectively handling unknown classes. By promoting a better seg-
regation of unseen categories, this approach enhances the flexibility of deep learning
systems to operate under realistic constraints where labelled data is unavailable and
unseen classes are present.

Chapter 4 explored the integration of language modality within unsupervised
domain adaptation, demonstrating that incorporating textual information signifi-
cantly improves model robustness when adapting across geographically diverse data
distributions. This contribution highlights the potential for leveraging multimodal
data to overcome domain shifts in regions where annotated datasets are difficult to
obtain, facilitating a wider use of Al technologies worldwide.

Chapter 5 proposed a weakly supervised crowd density estimation pipeline that
learns to predict spatially meaningful density maps using only count-level annota-
tions. This method reduces the annotation cost and effort compared to existing
approaches that rely on fine-grained location-level annotations, enabling practical
adoption in surveillance, medical imaging, and other domains with limited annota-
tion resources.

Appendices A and B presents an example of the use of generative models for
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data augmentation. Specifically, we investigated the training of diffusion models for
modelling MRI trajectories associated with neurodegenerative diseases. This work
demonstrates how generative modelling can synthesize realistic data to support the
training of deep learning models in context where acquiring large annotated clinical
datasets is challenging, thus addressing critical data scarcity issues in medical Al
applications.

Collectively, these contributions offer a set of strategies for mitigating the anno-
tation burden for the training of deep learning models, by combining advances in
domain adaptation, weak supervision, multimodal integration, and generative data
augmentation. Comprehensive experimental evaluation validates the effectiveness
of our approaches across multiple datasets, including context such as medical or
surveillance.

In summary, this thesis paves the way for more adaptable and robust deep learn-

ing frameworks in scenarios where labelled data is limited.

6.1 Limitations and Future Works

Despite the advance illustrated in this thesis, the proposed methodologies have some
limitations. For instance, the use of language models depends on the availability and
quality of aligned textual data. Weak supervised density estimation with count-level
annotations may not fully match the accuracy obtained with fine-grained annota-
tions. Data augmentation using generative models requires further validation for
clinical use. Finally, model interpretability remain challenges for practical deploy-
ment.

Despite the advance illustrated in this thesis, the proposed methodologies have
some limitations. First, the methods explored in this thesis still rely on assumptions
about the nature of domain shift, the availability of auxiliary modalities or the
structure of weak labels. In real-world settings—such as healthcare or autonomous
systems, data variability can be more complex, noisy, or unpredictable than the
benchmarks used for evaluation.

A second limitation concerns generalization. Model performance highly depends
on the representativeness of the available data. When training data are biased,

incomplete, or reflect only a subset of real-world conditions, models may struggle to
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generalize to new scenarios. The integration of large-scale sources of data (e.g. web
raw data) could be a promising direction.

Another limitation is related to computational cost. While the goal is to reduce
annotation effort, the introduced methods remain costly to train and use. This can
hinder deployment in settings with limited computing infrastructure or countries
with constrained technological resources.

Future works could include a deep investigation of recent foundation models
and large language models to further enhance the generalization of vision models in
presence of limited annotations. Moreover, future works could broadly investigate
technologies to reduce the computational requirements, thus allowing the spread of
such technologies. These directions promise to continue pushing the boundaries of
adaptable deep learning models that could be widely deployed in real-world scenar-

ios, even in presence of safety critical applications.
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Appendix A

TADM: Temporally-Aware
Diffusion Model for

Neurodegenerative Progression on
Brain MRI

This chapter investigates a real-world domain in which the lack of annotated datasets
is a major limitation, significantly slowing the development of deep learning tech-
nologies. Specifically, we explore the use of generative models to synthesize realistic
and diverse medical imaging data, helping to mitigate the scarcity of annotated clin-
ical images. To this end, we propose a novel methodology based on diffusion-based
generative models to learn MRI trajectories related to neurodegenerative diseases.
Such models can generate new MRIs at predetermined temporal intervals, being
valuable not only for data augmentation but also for clinical applications, such as
early diagnosis.

The findings and contributions of this chapter have been published in a interna-

tional conference. !

!Mattia Litrico, Francesco Guarnera, Mario Valerio Giuffrida, Daniele Ravi, Sebastiano Bat-
tiato, "TADM: Temporally-Aware Diffusion Model for Neurodegenerative Progression on Brain
MRI” [19], International Conference on Medical Image Computing and Computer-Assisted Inter-
vention, 2024.
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Progression on Brain MRI

A.1 Introduction

The capability to forecast structural changes in brain MRIs over time is critical in
medical imaging. The prediction of temporal brain trajectories has proven its useful-
ness in several applications, such as recovering missing images in longitudinal data,
as a potential virtual placebo or for patient stratification [175, 176, 5, 177]; or for di-
agnosis and prognosis of Alzheimer’s disease [178]. While Alzheimer’s disease (AD)
diagnosis commonly relies on neuropsychological and behavioural assessments, imag-
ing data significantly aid in identifying characteristic disease effects on the brain,
even in its early stages [179]. Recent advancements in Artificial Intelligence (AI)
have driven the development of sophisticated spatial-temporal disease progression
models [180], empowering accurate prediction of brain structural progression. In par-
ticular, generative models have been proposed to simulate future MRI scans starting
from past MRI scans used as inputs. One of the Al solutions employed in this context
involves the training of Generative Adversarial Networks (GANs). For example, 4D-
DANINet [5] utilizes adversarial training alongside a series of biologically informed
constraints to enhance the generation process. Another approach proposed in [175]
uses a conditional 3D GAN with morphology constraints to predict deformations,
instead of directly manipulating image pixels. More recently, approaches based on
Denoising Diffusion Probabilistic Models (DDPMs) have demonstrated exceptional
performance in this domain. For instance, in [181], a diffusion model is combined
with a transformer network. The transformer generates a latent representation from
a sequence of input MRIs, which is used to condition the generation process of the
diffusion model. Another notable solution is Diffusion Deformable Model (DDM)
[182], which introduces a methodology to combine a diffusion and a deformation
module to generate images that interpolate between two MRI scans. Similarly, Dif-
fuseMorph [183] trains a diffusion model to estimate a deformation field between
two scans. This deformation field facilitates the translation of one input image into
another, thereby enabling the generation of interpolated scans.

Due to the complexity of age-related changes in brain morphology during disease
progression [184], all these approaches often fail to accurately capture the corre-
sponding temporal evolution, facing the following limitations: (i) approaches that
operate conditioning on patient’s age, such as [175, 5, 185, 186], do not explicitly

capture the relationship between structural changes in brain MRIs and the time
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interval over which these changes occur; additionally, they require age-balanced
datasets, which are often lacking in real-world applications; (ii) approaches based
on interpolation, including DDM [182] and DiffuseMorph [183], have limitations in
their capability to generate MRIs beyond the two input scans, reducing their rel-
evance in clinical applications that require predicting future scans; and (iii) other
approaches, like SADM [181], require longitudinal data at inference time, limiting
again their application in real-world contexts where a series of scans for the patient
are not available.

To address these issues, we propose TADM, a novel diffusion-based approach
for brain progression modelling which operates directly on T1-weighted MRIs. Our
model is trained to learn the distribution of brain changes within a specified time
interval. To achieve this, we employ a three-fold strategy. Firstly, TADM learns to
predict the intensity difference between baseline and follow-up MRIs. This avoids
the need to generate entirely new scans, reduces the complexity of the problem,
and mitigates generation errors. Secondly, we condition the model on the age gap
between the input and output scans rather than directly on the output age, aiming
to better learn the relationship between observed differences and the time interval.
Given that the same age gap can arise between scans acquired at different ages,
conditioning on age gap avoids the necessity of including samples from every age
group in the training set. This is particularly beneficial when the dataset has limited
samples in some age groups. Lastly, we propose to leverage a Brain-Age Estimator
(BAE) to predict age differences between two scans. During training, these predicted
age gaps are used in the loss function of our model, allowing the generation of images
that accurately reflect the expected age gaps between the inputs and the predictions.

We evaluate our method on the OASIS-3 dataset [187]. Specifically, we compute
similarity metrics and region size in three areas of the brain to estimate the differ-
ence between real and predicted follow-up brain images. TADM improves similarity
metrics by 4% and obtains the best performance on estimating region size reducing
the error by 24%. Additionally, our qualitative analysis shows visual improvements
in our approach in terms of better mimicking the temporal progression of brains.

In conclusion, the contributions of this work are: (i) introducing TADM, a
diffusion-based approach for modelling brain progression trained on T1-weighted

MRIs; (ii) learning the distribution of intensity differences between MRI scans to
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reduce the complexity of the generation process; (iii) conditioning on age gap to
better capture the relationship between brain changes and time intervals; and (iv)
proposing to leverage BAE to allow the generation of images that accurately reflect

the expected age gap.

A.2 Background

Denoising Diffusion Probabilistic Models (DDPMs) [188] are generative models that
learn a Markov chain process to convert a Gaussian distribution into data distribu-
tion. During the diffusion process, Gaussian noise is added in successive steps to a
sample xq from the given data distribution ¢(xg), to convert it into a latent variable

distribution ¢(z;), as follows:

T

q(z1, 9, ..., x7|T0) = H q(z¢|xi—1) (A.1)

t=1
q(@]wi—1) = N(2; /1 = Bywy—1, Bi]) (A.2)

where t € 1,...,T is the diffusion step, N represents the Gaussian distribution, 3;
is a noise variance , and I is the identity matrix.

Then, during the reverse process, the latent variable distribution py(x;) is trans-
formed progressively into the data distribution pg(xg), which is parameterized by 6,

by training the model to learn the following Gaussian transformations:

po(xo, T1,. .., x7_1|TT) = Hpg(:ct_ﬂxt) (A.3)
po(wi—1|ze) = N(2i-1; po(e, ), 00 (24, 1)) (A4)
p(z¢) = N(x7;0,1) (A.5)

where fio(z¢,t) represents the mean of the Gaussian distribution, and o (z¢,t)* de-

notes the variance, at the ¢ reverse step.
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A.3 Proposed Method

Here we provide the details of TADM. Our pipeline is depicted in Figure A.1 and
consists of the following blocks: (a) a DDPM; (b) an Encoder; and (c) BAE.
During training, we use pairs of MRI scans denoted as I, and Ir,, obtained from
the same patient at two time points 7T, and T,. These scans are used to compute
a residual image Ia,, = I, — I, that we leverage to train the DDPM aimed at
predicting residuals 1, A,,- To generated the output scan fTb at time T, we then
add the predicted residual 1, A, tO the baseline scan I, at time 7,. Additionally,
to achieve patient individualization, the DDPM is conditioned with a latent repre-
sentation extracted by the encoder ¢ from I, and other patient-specific data (i.e.
cognitive status and age). Finally, we leverage BAE to predict the time interval
Agp = Ty — T, between [, and the estimated fTb to aid the generation process
of the DDPM. During inference, we use the scan Iy, at time 7, together with the
desired time interval A,y as an input to generate a future unseen scan I, at time

Ty of the same patient.

A.3.1 Conditioning the Diffusion Model

We condition the DDPM to generate residual images using the following information:
(i) the image representation ¢(Ir,) extracted by the encoder ¢ on the baseline; (ii)
the time interval A,;; (iii) other patient’s specific data.

Image Representation. To obtain individualization at the subject level, we con-
dition the model using a latent representation z, of the baseline scan Ir,. In partic-
ular, the latent representation is obtained leveraging a pretrained encoder based on
Residual-in-Residual Dense Blocks (RRDB) [189].

Time Interval (Age Gap). Conditioning the progression directly on age does not
explicitly capture the relationship between structural changes in brain MRIs and the
time interval over which these changes occur. Moreover, this strategy necessitates
age-balanced datasets, which are difficult to observe in real-world scenarios. To
tackle this limitation, we propose to condition the model using the age gap between
scans Ag,p. Since the same age gap can occur between scans acquired at different
ages, conditioning on the age gap eliminates the need for including samples from

every age group in the training set. This is particularly advantageous when the
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FAS

Figure A.1: TADM comprises three main parts (surrounded by coloured dashed boxes).
RED: The DDPM takes a residual image, calculated as the difference between two scans
acquired at two the time points T, and T, on which random noise ¢ is applied. The
DDPM is trained to denoise the residual image through several diffusion steps. The
denoised residual image 1, A, and the scan I7, are summed together to estimate the scan

I7, at time Tj,. BLUE: Here, we encode the scan I, to extract a representation z, used

to condition the DDPM, in conjunction with other patient-specific data. GREEN: The
estimated I7, is provided to the encoder to extract the features z, that, together with
the previously extracted features z,, are provided as inputs to a BAE to predict the time
interval A,p. The PADLOCK indicates a model with frozen parameters.

dataset has limited samples in certain age groups. In our implementation, we encode
A, using positional encoding [190] before incorporating it into the model.

Patient-Specific Data. We also condition the model using the patient’s cognitive
status (D) and age at baseline (A). Indeed, age at baseline is crucial information
as diseases progress at different rates over the course of ageing. However, by only
using A, p, our model would not capture such age-related progression information.
Note that this is different from previous work on age conditioning, as they use age

at the prediction rather than age at baseline.

A.3.2 Leveraging BAE to improve the temporal awareness

To encourage the model to generate images that accurately reflect the expected age
gap between the input and the prediction, we propose to leverage a BAE model
[191] to predict the age gap between two MRI scans. BAE is trained offline on our
training set and it is not further fine-tuned during the DDPM training. Specifically,
given the baseline I, and the generated TT,, scans, the predicted age gap is computed
as ﬁmb = \I/(<I>(fTb)) —U(®(Ir,)), where U is the BAE model. This information will

be used later to train the DDPM and improve the generation. In particular, if the
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DDPM generates a scan fTb that closely approximates the ground truth I7,, the
predicted age gap ﬁa,b should closely match the actual age gap A,;. Any error
in the estimation of the age gap will be corrected through backpropagation in the

diffusion model to refine the generation process.

A.3.3 Overall Framework

In this section, we will provide a complete overview of the framework.
Training. During the diffusion process, the DDPM is trained to predict the noise
¢ added to the input Ia,,. This is obtained by minimising the following objective:

EDML = EeNN(O,l)jAa,bvt U |G9<IAa7bJ t; Za, ACL,bJ A? D) - 6| |g} (A6>

where Gy is the DDPM parametrized by € and ¢ is the diffusion timestep.
Additionally, as mentioned in Appendix A.3.2, we incorporate the output from
BAE as an additional term in the loss function of the DDPM. Specifically, we define

the loss on the expected brain age gap as follows:
LOAF = (Agp — Agy)? (A7)

Note that the gradient of this loss updates only the DDPM parameters 6.
Finally, the overall loss is obtained by combining Eqgs. (A.6) and (A.7) as follows:

ETot — EDML + EBAE (A8)

Inference. The model takes as input a baseline MRI Iy, and predicts a follow-
up MRI Iz, with an arbitrarily time interval A,y with respect to the baseline.
The reverse process starts from a Gaussian noise variable X7 that is progressively
denoised through Gy(Xt,t; 24, Agy, A, D). The predicted residual image iAa’b, is
then added to the baseline MRI to generate the predicted follow-up.

A.4 Experimental Results

Implementation Details. To evaluate our approach, we use 2,535 T1-weighted
(T1w) brain MRIs from 634 subjects from the OASIS-3 dataset [187]. Scans were
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Table A.1: Comparison study: Results showing the performance in terms of image-base
and region size in comparison to other methods.

Region Size Error (%) J

Method SSIM 1+ PSNR 1 | Gray Matter White Matter Cerebrospinal Fluid Total Brain
DiffuseMorph [183] 0.68 19.67 | 10.40 4+ 3.45 3.49 + 2.58 4.65 + 2.80 46.30 + 7.51
4D-DaniNet [5] 0.65 16.99 221 £ 1.08 2.57 +1.98 3.12 + 3.65 9.31 + 8.72
DDM [182] 0.69 19.59 244 £ 135 3.06 £ 274 4.37 £ 3.12 10.85 £ 11.64

TADM (Proposed) | 0.72 20.51 | 1.69 + 1.54 1.85 £ 2.20 2.70 £ 2.29 6.84 £ 5.00

acquired over a period of 15 years and subjects are between 42 and 95 years old,
classified as cognitively normal, Mild Cognitive Impairment (MCI), and AD. We
apply linear registration through the MNI152 template and skull removal using the
FSL library [192] to all the MRIs. The dataset is divided into training set (70%),
validation set (10%) and test set (20%). We used the validation set to optimize the
hyperparameters of BAE.

Following [193], we adopt the U-Net as architecture of the diffusion model Gy
and the same hyperparameters. Results of all baseline methods are obtained using
their publicly available codes.

Evaluation Metrics. We compute image-based metrics and region size in relevant
brain areas to assess the performance of our method. Specifically, for the image-
based metrics we use the Structural Similarity Index Measure (SSIM) and Peak
Signal-to-Noise Ratio (PSNR) between the generated and the actual MRIs. On the
other side, region sizes are used to evaluate the accuracy of disease progression.
The regions considered in our experiment are: (i) Gray Matter, (ii) White Matter,
and (iii) Cerebrospinal Fluid (CSF). We use the FMRIB’s Automated Segmentation
Tool [192] to compute the area of the regions which are expressed as percentages of
the Total Brain to account for individual differences. The error is calculated as the
mean absolute error between the area on the region from the predicted scan and
ground truth MRIs.

Comparison Results. In Tab. A.1, we present quantitative results obtained by
our method compared to other state-of-the-art approaches [183, 182, 5]. The results
demonstrate that we outperform the state-of-the-art in SSIM and PSNR by +0.03

and 40.84, respectively. Results on the size of the region show that our method
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Figure A.2: Comparison of the temporal progression on a 66-year-old subject with AD,
obtained by our approach against other state-of-the-art methods. We show predicted slice-
MRIs on the left and the corresponding error with the subject’s real brain MRI on the
right.

achieves the lowest error in all the considered brain regions. In particular, we re-
duce the error on grey and white matter regions by approximately 30% and 8%,
respectively. Regarding the CSF and Total Brain, the reduction of error is nearly
29%, demonstrating that our model generates high-quality follow-up scans compared
to the current state-of-the-art. Additionally, in Figure A.2, we show one example
of qualitative results in predicting MRI scans at different time points. The figure
shows that TADM offers a better approximation of the brain’s temporal evolution
compared to other methods. Specifically, our predictions depict a notably accurate
alignment of the ventricular expansion over time. Finally, TADM exhibits fewer
minor disparities in the brain cortex compared to other methods.

Additional Analysis. In this section, we explore the impact of integrating BAE
into our pipeline and conditioning the model on patient’s patient-specific data. Ad-
ditionally, we evaluate the model’s performance when it is conditioned on either the
age or the age gap as proposed in our method. In the first row in Tab. A.2, we

show the results of our method without incorporating the patient’s specific data.
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Table A.2: Additional analysis: results showing the contribution of the different compo-
nents of TADM, including BAE, the use of patient’s specific data. Finally, we also show
the impact of using the conditioning on age rather than age gap as we proposed.

Region Size Error (%) |
Method SSIM 1 PSNR 1| Gray Matter White Matter Cerebrospinal Fluid Total Brain
TADM w/o patient’s data | 0.71 20.32 1.78 £ 1.44  1.97 + 2.14 2.72 +1.98 7.85 + 5.17
TADM w/o BAE 0.69 20.08 244 + 212 202 4+ 2.13 3.85 + 3.67 9.77 £ 8.23
TADM w/ age cond. 0.68 19.71 4.12 + 3.48 4.98 + 2.45 5.65 £ 3.32 11.95 + 7.34
TADM 0.72 20.51 [1.69 £ 1.54 1.85 + 2.20 2.70 + 2.29 6.84 + 5.00

This outcome highlights that the absence of patient-specific data results in a mini-
mal reduction in performance, indicating that the patient-specific data contributes
minimally to the pipeline. When BAE is not used in our pipeline (second row in
Tab. A.2), we notice an evident decrease in performance. This indicates that lever-
aging BAE is essential to support the generation process. Lastly, in the third row, we
observe that conditioning the model on age rather than age gap drastically reduces
performance by an average of approximately 60%, demonstrating the effectiveness

of our idea of conditioning on age gaps.

A.5 Summary

In this work, we propose TADM, a novel approach designed to accurately mimic
brain neurodegenerative progression in MRIs. We evaluated TADM on the OASIS-
3 dataset, demonstrating superior performance compared to existing approaches.
TADM focuses on 2D scans, as we strive to develop a new data-driven pipeline
capable of improving the accuracy of current methods. Nonetheless, our method
can be easily extended to 3D scans. Furthermore, our pipeline presents exciting
prospects for data augmentation of underrepresented samples in medical imaging
datasets. This feature holds significant promise, especially in the context of less
common and more expensive modalities, e.g. PET and CT scans, where the gener-

ation of synthetic samples remains a critical challenge.
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Appendix B

Temporally-Aware Diffusion
Model for Brain Progression

Modelling with Bidirectional

Temporal Regularisation

This chapter presents our journal extension to the work illustrated in the previous
chapter. The pipeline has been improved to work on 3D MRI scans and it has been
empowered with a training regulariser that improves the temporal awareness of the
diffusion model.

The findings and contributions of this chapter have been submitted to an inter-

national journal. !

B.1 Introduction

Predicting how brain structures evolve over time in MRI scans is a key challenge
in medical imaging. The modelling of temporal brain trajectories has proven use-
ful in multiple applications, including recovering missing scans in longitudinal data
[176], acting as a virtual placebo [5], aiding in patient stratification [175, 176, 5,
177], and supporting both diagnosis and prognosis of Alzheimer’s disease (AD)
[178]. Although AD diagnosis is often based on neuropsychological and behavioural

!Mattia Litrico, Francesco Guarnera, Mario Valerio Giuffrida, Daniele Rav‘l, Sebastiano Bat-
tiato, ” Temporally-Aware Diffusion Model for Brain Progression Modelling with Bidirectional Tem-
poral Regularisation” [20]. Under Review, Computerized Medical Imaging and Graphics, 2025
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evaluations, imaging data plays a crucial role in revealing structural brain changes
associated with the disease, even at early stages [179].

Recent advancements in Al have led to the emergence of novel spatio-temporal
technologies designed to model disease progression [180], enabling more accurate
predictions of structural brain changes. Among these, generative approaches have
gained attention for their ability to accurately simulate future MRI scans based
on earlier scans. Early methods used Generative Adversarial Networks (GANs) to
generate future MRIs [175, 5]. Recently, Denoising Diffusion Probabilistic Models
(DDPMs) have become the state-of-the-art for generative models, demonstrating su-
perior performance also in this domain. Sequence-Aware Diffusion Model (SADM)
[181] combines a diffusion model with a transformer to predict follow-up MRIs. Simi-
larly, Diffusion Deformable Model (DDM) [182] and DiffuseMorph [183] use diffusion
models to estimate the deformation field between scans. Differently, BrLP [194] pro-
poses the training of a latent diffusion model in conjunction with an autoencoder
and an auxiliary model to generate individual MRI scans based on longitudinal data.

However, these methods often show poor performance in accurately modelling
the temporal dynamics of morphological changes under neurodegenerative diseases.
Some approaches [175, 5, 185, 195] do not explicitly capture the relationship between
structural MRI changes and time intervals, while others are limited in their ability to
generate future scans [182, 183] or require longitudinal data at inference time [181].

To address these challenges, we introduce TADM-3D, a novel 3D diffusion-based
framework specifically designed to predict future brain MRI scans. Our method
learns the statistical distribution of brain changes over specified time intervals, cap-
turing the complex, non-linear patterns of neuroanatomical trajectories directly on
MRI data. Rather than directly generating follow-up MRI scans, which can be
prone to artefacts, TADM-3D focuses on predicting the voxel-wise intensity differ-
ences between baseline and follow-up images, reducing the complexity of the task
and mitigating generation errors.

In contrast to other approaches, our model is conditioned on the age difference
between the input and output scans, rather than on the patient’s absolute age. This
encourages the model to learn the relation between structural brain changes and
the time interval between baseline and follow-up scans, rather than with specific age

values. Since identical age gaps can occur at various absolute ages, this approach
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alleviates the need to include samples from all age groups, which is particularly
advantageous when certain age ranges are underrepresented in the training data.
For instance, a 5-year gap could apply both to a patient scanned at ages 60 and 65,
and to another scanned at 80 and 85. While the output ages differ (65 vs. 85), the
age gap remains the same (5 years).

To further improve the temporal awareness, we use a Brain-Age Estimator (BAE)
to estimate the age difference between the baseline and the generated scans. During
training, these predicted age differences are incorporated into the loss function,
encouraging the generation of scans that accurately reflect the expected temporal
interval between input and prediction.

Lastly, we introduce a Back-In-Time Regularisation (BITR) strategy at training
time, to improve the temporal awareness of the model. Based on the intuition that
a temporal-aware model should be able to predict both forward and backwards in
time, we randomly swap the roles of the baseline and follow-up scans, and we train
the model bidirectionally to predict future or past scans, alternately. This simple
regularization strategy encourages the model to learn how the brain anatomically
changes going forward and backwards in time.

The method is trained and tested on the OASIS-3 dataset [187]. Moreover, we
also use an external test set from the NACC dataset to evaluate the generalisation
performance of TADM-3D on out-of-distribution data. As evaluation metrics, we use
image-based similarity scores and brain region volumes between real and predicted
follow-up MRIs. TADM-3D overcomes previous methods on both image-based and
volumetric metrics, demonstrating its effectiveness on modelling the temporal brain
evolution.

Additionally, our qualitative analysis demonstrates that our method more effec-
tively reproduces the temporal progression of brains.

This work extends our previous MICCAI 2024 conference paper [19] in several

ways:

e The method was extended to operate on 3D MRI scans, rather than single 2D
slices, allowing the model to capture richer spatial context and more complex

anatomical relationships across all three dimensions.
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e We introduced BITR, a technique aimed to better model temporal awareness.
This approach trains the model by considering not only forward progression

but also backwards changes over time.

e The impact of the cognitive status as a conditioning variable was evaluated,
allowing the model to account for clinically relevant differences. This condi-
tioning helps capture variations in brain structure associated with different

stages of cognitive decline [196].

e The comparisons were extended to include the most recent 3D methods, such
as CounterSynth [175] and BrLP [194] and we evaluate TADM-3D on an ex-

ternal test set to assess its generalisability.

B.2 Related Works

The study of neurodegenerative diseases through MRIs has bloomed in the last years
[197]. Most existing approaches propose simulators that model temporal changes in
brain structure. Simulators receive high-dimensional data as input, such as 3D MRIs
of a given subject, and predict the changes in the brain MRIs over a specified period
and under specific subject’s conditions, such as neurodegenerative diseases. Most
of the existing simulators are based on recent deep generative methods, including
Generative Adversarial Networks (GANs) [175, 5, 186], Variational Autoencoders
(VAEs) [198], Normalising Flows (NFs) [199] and Diffusion Models (DMs) [194,
181].

Early methods [5, 186] used GANs to simulate subject-specific brain changes con-
ditioned on the presence of a neurodegenerative disease. For instance, DANINet [5]
employs adversarial training in conjunction with biological constraints to improve
the generation process. Nevertheless, these approaches produce synthetic 2D slices,
without making use of full 3D volumetric information. More recently, Counter-
Synth [175] introduced a 3D GAN-based framework that models 3D deformations,
instead of directly manipulating image pixels. By leveraging morphology constraints,
deformations are applied to the input MRI to reflect brain changes over time. How-
ever, CounterSynth only predicts structural changes without modelling temporal

evolutions. Other related approaches proposed methodologies based on VAEs [198]
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and NFs [199], but they produce low resolution scans and rely on morphologically
constrained transformations, limiting their applicability.

More recently, the use of diffusion models has been introduced in medical image
generation. DDM [182] proposed to combine a diffusion and a deformation module
to learn how to interpolate between two MRIs. This combination enables the mod-
elling of smooth anatomical transitions by simulating plausible intermediate brain
states. Similarly, DiffuseMorph [183] leveraged a diffusion model to predict defor-
mation fields between two MRIs. This field is then applied to warp one image into
another, effectively enabling the synthesis of interpolated images along a continuous
trajectory. Both DDM and DiffuseMorph are effective in learning realistic anatom-
ical transformations, but they are limited to interpolation tasks. As a result, their
applicability in clinical settings is constrained, since they are unable to generate
predictive scans.

SADM [181] introduced a sequence-aware diffusion model, incorporating a transformer-
based architecture to better handle temporal dependencies in longitudinal data. The
transformer generates a sequence of prior MRIs to extract a latent representation
that encodes the subject’s disease trajectory. This representation is then used to
condition the generation process of the diffusion model, allowing for the synthesis of
future brain MRIs. It necessarily requires a sequence of input MRI scans, which are
rarely available in a real-world context, especially at an early stage of the patient’s
treatment. Moreover, it does not use subject metadata, which is important to better
model the disease progression. BrLP [194] introduced a methodology that leverages
an autoencoder, a latent diffusion model, and an auxiliary model (ControlNet) to
generate individual MRI scans. However, the quality of the produced scans is highly
correlated to the effectiveness of the autoencoder features.

TADM-3D overcomes these limitations as follows: (i) unlike CounterSynth, our
model learns to model the temporal progression of brain changes, making it capable
of forecasting future scans; (ii) in contrast to DDM and DiffuseMorph, TADM-
3D is conditioned with age differences, allowing it to predict scans at arbitrary
future time points; (iii) unlike SADM, TADM-3D does not need a sequence of input
MRI scans, improving its applicability in clinical context. Moreover, our model
incorporates subject-specific metadata to improve the accuracy and personalisation

of predictions; (iv) differently than BrLP, we train the diffusion model to directly
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Figure B.1: TADM-3D. (A) Given a baseline scan I, and a follow-up scan Ir;, a residual
image I, , is computed by subtracting the two scans. This residual is then corrupted with
noise and denoised by a Denoising Diffusion Probabilistic Model (DDPM), producing the
denoised residual T, Aab- The denoised residual image and the scan I, are added together
to estimate the scan fTb at time T} (see Appendix B.3.2). The baseline scan is encoded
with ® to produce a latent representation z,, which, along with patient metadata, is used
to condition the DDPM (see Appendix B.3.3). The estimated follow-up scan —?Tb is also
encoded to extract z,. Representations z, and zp are then fed into a BAE to predict the
time interval ﬁmb between the scans (see Appendix B.3.4). To promote time awareness,
the model is also trained to predict past scans with a probability p = 0.5 by swapping
the roles of baseline and follow-up scans (see Appendix B.3.5). The PADLOCK indicates
frozen parameters. Dashed lines indicate model conditioning. (B) At inference time, given
the baseline scan I7, and random noise X7, the DDPM predicts the residual TAM, that

summed to the baseline I7, produces the predicted follow-up TTb,.

predict MRI scans without using any auxiliary model, reducing the computational

requirements and improving the prediction quality.

B.3 Proposed Method

B.3.1 Background

DDPMs [188] are generative models that learn how to gradually convert a Gaussian

data distribution into another distribution by applying a Markov chain process.
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During the forward process (diffusion), Gaussian noise is progressively and incre-
mentally added to the input data z, from the given data distribution g(xy). This
occurs over a fixed number of steps, gradually transforming the sample into a latent

variable distribution ¢(z;), as following:

T

q(z1, 9, ..., x7|T0) = H q(z¢|xi—q) (B.1)

t=1
q(@]mi—1) = N(2; /1 = Bywy—1, Bi]) (B.2)

where t € 1,...,T indicates the diffusion step, N is the Gaussian distribution, 3, is
the variance of the noise, and I is the identity matrix.

During the reverse process (denoising), the model is trained to learn to invert
the diffusion process, by progressively turning the noise latent variable distribution
po(z¢) into the data distribution py(zg), parameterised by 6. During this process,

the model is trained to learn the Gaussian transformations, as follows:

po(xo,x1, .., wraler) = [ [ polwec|ae) (B.3)
po(wi_1]w) = N (213 po (4, 1), 05 (4, )T (B.4)
p(z) = N(z1;0,1) (B.5)

where o2 (zy,t) is the variance at the step ¢ and (¢, t) is the mean of the Gaussian
distribution. Once trained, the model is able to denoise random noise, generating

high-quality images.

B.3.2 Temporally-Aware Diffusion Model

Our proposed training pipeline, depicted in Figure B.1, comprises three main com-
ponents: (i) a Denoising Diffusion Probabilistic Model (DDPM), responsible for
modelling the brain progression and generating high quality scans; (ii) an Encoder,
which extracts latent representation from MRI scans; and (iii) a Brain-Age Estima-
tor (BAE), which is leveraged to encourage temporal consistency by estimating the

time interval between scans.



Appendix B. Temporally-Aware Diffusion Model for Brain Progression Mode]lin§6

with Bidirectional Temporal Regularisation

During training, we use MRI pairs, i.e. I, and I7,, corresponding to scans
acquired from the same subject at two distinct timepoints T, and T}, respectively.
From these images, we compute a residual image I, , = I, — Ir,, which captures
the voxel-wise intensity changes occurring over the time interval A, , = T;, —7,,. This
residual is used to train the DDPM at predicting the residual 1, A,,- To generate the
output follow-up scans fTb, we add the predicted residual to the baseline scan, such
that fTb = Ip, + 1, Aap- Additionally, we leverage the BAE model to estimate the
time interval ﬁa’b between I, and the estimated TT,,- The estimated time interval
is then integrated in the loss function to regularise the DDPM generation process.
At inference, we utilize the scan I, acquired at time 7, along with the target
time interval A,y to produce a future scan Ir,, at time Ty. To achieve patient
individualization during the generation process, the DDPM is conditioned on a
latent embedding obtained by applying an encoder ® to the baseline scan Ir,, along

with auxiliary patient-specific metadata (e.g., cognitive status and age).

B.3.3 Conditioning Strategies

To generate residual images, we condition the DDPM using: (i) baseline latent
representation ®(I7,) extracted by the encoder ® on the baseline scan Ir,; (ii) the
time interval A,;, between T, and T; (iii) patient’s specific metadata.

Baseline Scan Encoding. Our goal is to predict patient-specific brain trajectories.
To achieve this, the DDPM is conditioned with the encoded representation z, derived
from the baseline scan I7,, using an encoder ®. This latent features capture the
patient-specific anatomy, enabling the generation of personalised outputs.

Age Difference. Using age directly to model progression fails to explicitly capture
the temporal evolution of structural changes in brain MRIs, and it demands age-
balanced datasets, which are often unavailable in real-world settings. To address
this issue, we propose conditioning the model on the age difference between scans,
denoted as A,p. Since the same age gaps can arise from scan pairs acquired at
different ages, this strategy reduces the need of uniformly sampling all age groups
during training. This is especially beneficial when certain age ranges are underrep-
resented in the dataset. In our approach, we encode A, ; using positional encoding

[190] before integrating it into the model.
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Patient-Specific Metadata. We also use both the age (A) of the patient at time
T,, and cognitive status (D) to further condition our model. Baseline age provides
essential context to the model, as neurodegenerative diseases progress differently
depending on the age of the patient. Note that, unlike previous approaches that
condition using the age of the patient w.r.t. the follow-up scan, we use the age at

baseline to accurately ground the starting point of the disease trajectory.

B.3.4 Estimating Brain Age for Improving the Temporal

Awareness

To guide the model in generating scans that accurately reflect the expected age differ-
ence between the input and predicted scans, we incorporate a Brain Age Estimator
(BAE) [191] into our training pipeline. During DDPM training, the BAE evaluates
whether the generated follow-up scan exhibits brain changes consistent with the ex-
pected time interval from the baseline. By including the predicted age difference as
part of the loss function, this mechanism encourages the diffusion model to generate
outputs that not only appear realistic but also accurately capture the desired tem-
poral progression. This approach provides feedback to the model, thereby enhancing
the temporal consistency of the predictions. The BAE model is pre-trained on the
training set, and its parameters remain fixed during the DDPM training.

Given a baseline scan I, and a generated follow-up scan fTb, we compute the
estimated age difference as ﬁa,b = \I/(QD(IATb)) — U(®(Ir,)), where ® is the encoder
and ¥ is the BAE model. When the DDPM prediction fTb accurately matches the
ground-truth image Ir,, the estimated age difference ﬁ%b aligns with the actual age
gap A, p, ensuring that the generated output reflects the correct temporal progres-
sion. Any differences between the predicted and true age gaps are backpropagated
during training, serving as a regularization. This feedback loop iteratively refines the
generation process, enhancing the model’s ability to produce scans that accurately

reflect the temporal progression.

B.3.5 Back-In-Time Regularisation

TADM-3D is trained using pairs of MRI scans I, and I, acquired from the same

patient at two distinct time points. Here I, indicates the baseline scan acquired
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at age A, and I, is the follow-up scan acquired after a time interval A, ;. In this
way, the diffusion model learns to predict the brain structural changes that occur
due to the combined effect of ageing and disease progression over the time interval.
However, a temporal-aware model should also be able to predict past scans, e.g.
generating a baseline scan I, from a follow-up scan Ir,.

To this aim, we propose to include a Back-In-Time Regularisation (BITR) strat-
egy. Specifically, at each training step, we randomly swap the roles of the two scans
I7, and I, with a probability p = 0.5. Consequently, the diffusion model is trained
to predict the follow-up from the baseline scan for approximately half of the train-
ing iterations and the baseline from the follow-up in the other half of the training
steps. Note that this swapping is exclusively applied in the training phase. Although
simple, this strategy encourages the model to learn a better relationship between
anatomical changes in the brain and time interval, leading to an improved temporal

awareness.

B.3.6 Overall Framework

Training. A complete overview of the training process is described in Algorithm 1.
During the diffusion process, the DDPM learns to estimate the noise € incorporated

into /a,,. This is achieved by minimising the following loss function:

LDML = Esz(O,l),iAa’b,t U |G9<iAa,b7 t; Zay Aa,bu A7 D) - 6| |§] ) (B6>

where, GGy represents the DDPM with parameters 6, and ¢ denotes the diffusion
timestep. Furthermore, as discussed in Appendix B.3.4, the prediction of BAE is
incorporated as an extra component in the loss function. Specifically, we define the

loss on the expected brain age difference as follows:
LOAE = (Agp — Agy)? (B.7)
Finally, the overall loss is obtained by combining Egs. (B.6) and (B.7):

£Tot _ EDML + £BAE (BS)
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Algorithm 1 Pseudocode of TADM-3D’s training process.

Input: Pairs of MRI scans (Ir,, I7;), time interval A, ,, patient metadata (age at
baseline A, cognitive status D).
Output: Trained DDPM model Gy for generating future MRI scans
Training:
for each training step do

Sample a pair (Ir,, I7,) from the training set

Compute residual image Ia,, = I1, — Iz,

Extract latent representation

2, = ®(Ir,) using the encoder ®
Sample p ~ B(0.5)
if p =1 then
Flip sign in Ay, A, and D

end if

Sample noise € ~ N (0, 1)

Compute noisy residual TAa,b at diffusion step ¢

Predict noise using DDPM:

€= GG(iAu,ba Zf; Zas Aa,b, A, D)
Compute DDPM loss: LPML = ||¢ — ¢]|3
Generate predicted residual 1, A,, from the DDPM

Compute predicted follow-up scan fTb = Ip, + 1, Aus

Extract latent representation z, = ®(Ir,)

Predict age difference using BAE: ﬁa,b =W(z) — V(z,)
Compute BAE loss: £BAF = (ﬁa,b — Ngp)?

Compute total loss: £ = LPML 4 pBAE

Update DDPM parameters 6 using gradients of £7°

end for

Inference. Given a baseline MRI I, the model generates a future MRI TTb/ at
any desired time interval A,y after the baseline. The generation process starts
with a random Gaussian noise input X7, which is iteratively refined by the network
Go( Xt t; 24, Aup, A, D). The generated residual image iAa,b/ is finally combined with

the baseline scan to yield the follow-up prediction.
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B.4 Experimental Results

B.4.1 Datasets

We train TADM-3D on 2,535 T1-weighted (T1w) brain MRI scans from 634 subjects
from the OASIS-3 dataset [187]. Scans span a longitudinal interval of approximately
15 years, capturing a broad spectrum of aging-related changes. The dataset includes
participants aged between 42 and 95 years classified as cognitively normal (CN), mild
cognitive impairment (MCI), and Alzheimer’s disease (AD). We evaluate TADM-3D
on both internal and external test sets, to also asses generalisation performance with
out-of-distribution data. For the external dataset, we used data from the NACC
dataset [200], including 2,257 T1w MRIs from 962 subjects. Scan have a maximum
interval between the initial and follow-up MRI of 13 years, with an average of 3.8.
About 75% of the patients are classified as CN at the last visit, while the remaining

25% are MCI or AD. Data from the external dataset is used solely for evaluation.

B.4.2 Implementation Details

All MRI volumes were linearly registered using the MNI152 template to normalise
spatial orientation and scale, and skull stripping using the FSL library [192]. The
dataset is divided into a training set (70%), a validation set (10%) and a test set
(20%). For both the training of diffusion and BAE models, we use the AdamW
optimiser with a learning rate of 0.0001 and a weight decay of 0.001, a batch size
of 16, and a cosine-based learning rate scheduler. Following [193], we employ the
U-Net architecture as backbone of the diffusion model Gy. For the encoder &, we
use a 3D UNet-based architecture trained together with the diffusion model in an
end-to-end manner. Results for all state-of-the-art methods were obtained using

their publicly available implementations.

B.4.3 Evaluation Metrics

To evaluate the performance of our method, we employed both image-based simi-
larity metrics and region-specific volumetric analyses in anatomically relevant brain
areas. For the image-based evaluation, we use the Structural Similarity Index Mea-

sure (SSIM) and Mean Squared Error (MSE), measuring the similarity between the
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Table B.1: Results on the internal test set of OASIS-3. Performance are evaluated in
terms of image-based and region volumes errors wth respect to other methods. The MAE
in region volumes is expressed as a percentage of total brain volume.

Region Volumes Error (%) |
Method MSE | SSIM 1 Hippocampus Amygdala Lat. Ventricle Thalamus CSF
DaniNet [5] 0.016 £ 0.007  0.623 £ 0.162 | 0.030 = 0.030  0.018 + 0.017  0.257 + 0.222  0.038 + 0.030  1.081 + 0.814
CounterSynth [175] | 0.008 + 0.004  0.861 + 0.052 | 0.030 £ 0.018  0.016 & 0.010 ~ 0.273 & 0.311  0.041 & 0.035 0.881 £0.672
BrLP [194] 0.005 £ 0.002  0.887 £ 0.017 | 0.028 + 0.018  0.017 + 0.009  0.264 + 0.271  0.039 + 0.021  0.882 + 0.645
TADM-3D 0.004 £+ 0.001 0.902 + 0.014 | 0.017 = 0.019 0.015 £ 0.014 0.228 + 0.187 0.027 £ 0.015 0.642 £+ 0.412

Table B.2: Results on the external test set of NACC evaluating TADM-3D’s generalisation
performance in terms of image-based and region volumes errors in comparison to other
methods. The MAE in region volumes is expressed as a percentage of total brain volume.

Region Volumes Error (%) |
Method MSE | SSIM 1 Hippocampus Amygdala Lat. Ventricle Thalamus CSF
DaniNet [5] 0.017 £ 0.007  0.611 £ 0.181 | 0.032 £ 0.031  0.018 £ 0.016 ~ 0.232 + 0.210  0.039 + 0.032  1.154 + 0.871
CounterSynth [175] | 0.011 + 0.003  0.813 + 0.042 | 0.030 £ 0.020  0.014 £ 0.010 ~ 0.283 & 0.314  0.111 & 0.034  1.173 &+ 0.731
BrLP [194] 0.005 £ 0.002 0.909 + 0.023 | 0.024 + 0.023  0.014 + 0.013  0.213 + 0.350 0.030 + 0.024  1.044 + 0.788
TADM-3D 0.004 £+ 0.002 0.902 = 0.017 | 0.020 = 0.020 0.013 £ 0.011 0.235 = 0.200 0.029 £ 0.021 0.833 + 0.543

generated and ground-truth MRI scans in terms of structural fidelity and pixel-
wise reconstruction accuracy, respectively. On the other side, volumetric metrics
in AD-related regions (lateral ventricles, cerebrospinal fluid as CSF, hippocampus,
amygdala, and thalamus) are computed to evaluate the modelling of disease progres-
sion in TADM-3D. We use SynthSeg 2.0 [201] to segment the brain and compute the
region volumes, which are expressed as percentages of the entire brain to account
for personal variations.

The accuracy of predicted regional volumes is then assessed by computing the
Mean Absolute Error (MAE) with the ground-truth volumes.

B.4.4 Comparative Analysis

Tab. B.1 shows the quantitative results on the internal test set obtained by TADM-
3D compared to other state-of-the-art 3D approaches [175, 194, 5, 181]. Overall,
TADM-3D outperforms them across the board, reducing the MSE and increasing
the SSIM by +0.001 and +0.15, respectively. Results on the region’s volumes show

that TADM-3D achieves the lowest error in different brain regions. In particular,



Appendix B. Temporally-Aware Diffusion Model for Brain Progression Mode]liilg2

with Bidirectional Temporal Regularisation

Ground truth TADM-3D (Ours) CounterSynth DaniNet

Age

64

65

69

2x zoom at
69

Figure B.2: Temporal progression on a 62-year-old subject with AD from the internal test
set, generated by our approach against BrLP[194], CounterSynth[175] and DaniNet[5].
We show predicted MRIs on the centre slice on the left and the corresponding heatmap of
prediction error on the right.

we reduce the error on Hippocampus, Amygdala and Ventricles by approximately
40%, 12%, and 13%, respectively. On Thalamus and CSF, TADM-3D reduces the
error by 30% and 27%, respectively. These results show that TADM-3D generates
accurate follow-up images with respect to existing approaches, achieving better per-
formance in both image-based and volumetric metrics. On the external test set (see
Tab. B.2), TADM-3D obtains similar performance w.r.t. the internal evaluation,
showing robustness to generalisation challenges. TADM-3D achieves the best per-
formance on the MSE and on volumetric errors of 4 out of 5 analysed brain regions,
while BrLLP unexpectedly improves its results w.r.t. the internal test set on SSIM
and on volumetric error of the Lateral Ventricle, obtaining the lowest error.

Furthermore, Figure B.2 presents a sample of qualitative results illustrating the
prediction of MRI scans at various ages for a 62-year-old patient diagnosed with
AD.

Clearly, TADM-3D offers a better approximation of the temporal evolution of the
brain compared to all other methods. Specifically, our predictions show a notable
accuracy in modelling the ventricular expansion over time, maintaining a lower error

at every age difference. In comparison to BrLP [194] and DaniNet [5], our model



Appendix B. Temporally-Aware Diffusion Model for Brain Progression MOdeHjﬁ%

with Bidirectional Temporal Regularisation

Table B.3: Ablation studies: showing the results of the absence of the different components
of TADM-3D. Finally, we also show the impact of using a 2D model to individually generate
scans rather than a native 3D architecture.

Region Volumes Error (%) |

Method MSE | SSIM 1 Hippocampus Amygdala Lat. Ventricle Thalamus CSF

TADM-3D w/o patient metadata | 0.006 £ 0.001 0.899 £+ 0.017 | 0.019 £ 0.011 0.015 £+ 0.018 0.235 £ 0.201 0.030 + 0.019 0.648 £+ 0.557
TADM-3D w/o age gaps cond. 0.011 £+ 0.006  0.812 £ 0.016 0.027 £ 0.013 0.017 £+ 0.021 0.251 4+ 0.231 0.037 + 0.029 0.747 £+ 0.555
TADM-3D w/o BAE 0.009 £ 0.005 0.872 £+ 0.024 0.025 + 0.014 0.016 £ 0.025 0.249 +£ 0.212  0.036 = 0.026 0.691 £ 0.512
TADM-3D w/o BITR 0.008 £ 0.003 874 + 0.021 0.023 + 0.016 0.016 £ 0.022 0.241 £ 0.200  0.031 + 0.021 0.667 £+ 0.491
TADM-2.5D 0.014 £ 0.006  0.779 £ 0.089 | 0.030 £ 0.027  0.016 £ 0.015  0.299 £+ 0.277  0.060 £+ 0.041  0.899 + 0.643
TADM-3D ‘ 0.004 £+ 0.001 0.902 + 0.014 ‘ 0.017 £ 0.019 0.015 £+ 0.014 0.228 + 0.187 0.027 = 0.015 0.642 + 0.412

reaches superior performance, especially on the ventricular region. CounterSynth
[175] seems to produce similar results, but TADM-3D exhibits more balanced and

consistently lower errors.

B.4.5 Ablation Studies

In this section, we present an ablation study to assess the contribution of the key
components of TADM-3D. Specifically, we evaluate the effect of removing condi-
tioning on age differences, patient-specific conditioning variables, and excluding the
BAE module and BITR from training. Furthermore, we compare the performance of
our 3D generative architecture against a 2D alternative, where slices are generated
independently to reconstruct full 3D volumes (named TADM-2.5D).

Tab. B.3 (first row) presents the performance of TADM-3D without using patient
metadata. Results show that, removing the conditioning with such metadata, we
observe a minimal performance loss. In the second row, we observe that removing
the conditioning of the model on age gaps highly drops performance, demonstrating
the effectiveness of our strategy over the current state-of-the-art. Another case of
performance drop is when BAE is not used (third row), indicating its usefulness in
supporting the generation process. In the fourth row, we show the impact of remov-
ing the BITR with a significant drop of performance, demonstrating its contribution
in improving the training. Finally, in the last row, we assess the performance using
a 2D diffusion model (as our previous work [19]) rather than a 3D one. To recon-
struct full 3D volumes, we train a 2D model to generate each slice independently,

using the slice index as a conditioning variable to preserve spatial coherence across
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Table B.4: Evaluating the impact of incorrect conditioning on cognitive status in TADM-
3D predictions.

Region Volumes Error (%) |
Method MSE | SSIM 1 Hippocampus Amygdala Lat. Ventricle Thalamus CSF

TADM-3D w/ wrong cond. | 0.006 + 0.005  0.895 £+ 0.012 | 0.030 + 0.013  0.017 £ 0.021 ~ 0.234 + 0.187  0.030 £ 0.026  0.679 + 0.417
TADM-3D 0.004 = 0.001 0.902 + 0.014 | 0.017 £ 0.019 0.015 & 0.014 0.228 + 0.187 0.027 &+ 0.015 0.642 + 0.412

the volume. Results show a drastically reduction in performance when using the
2D model, demonstrating that a 3D model captures better structural information

during training.

B.4.6 Is TADM-3D Modelling the Disease Progression?

Following the protocol proposed in [202], we perform an experiment to investigate
the potential prediction bias of TADM-3D toward modelling healthy ageing trajec-
tories. Specifically, we aim to assess whether the model’s outputs are appropriately
generated with respect to the patient’s cognitive status. The goal is to assess whether
TADM-3D can effectively learn to generate normal and pathological trajectories. To
do so, we use our trained model with scans obtained from patients with AD, but we
deliberately condition the model, specifying that the patient is Cognitively Normal
(CN). We then generate predicted future scans under both the incorrect (CN) and
correct (AD) cognitive conditions, and compare the resulting volumetric predictions.
This setup allows us to isolate the influence of cognitive status on the generative
behaviour of the model. Results in Tab. B.4 show that prediction errors generally
increase when incorrect cognitive conditioning is applied, particularly in the hip-
pocampal region, a structure notably affected in AD. This supports the hypothesis
that the model is not biased toward healthy ageing and is capable of capturing

distinct anatomical progressions associated with neurodegeneration.

B.5 Discussions

B.5.1 Limitations

Despite the promising results achieved by TADM-3D, some limitations still war-

rant further investigation. Specifically, Figure B.3 illustrates an example of the



Appendix B. Temporally-Aware Diffusion Model for Brain Progression Mode]liilg5

with Bidirectional Temporal Regularisation

Ground truth TADM-3D (Ours) Ground truth TADM-3D (Ours) Ground truth TADM-3D (Ours)

after ~6.5 years after ~9 years

Figure B.3: Example of limitation of TADM-3D in predicting long-time trajectory for a 65-
year-old patient. The brain’s evolution in predictions after 6.5 and 9 years is inconsistent,
showing limitations in capturing long-time dependencies.

challenges faced by TADM-3D in predicting long-term trajectories for a 65-year-old
patient. The model tends to lose accuracy when predicting brain evolution over long
time intervals, exhibiting increased errors, particularly for intervals spanning several
years between scans. This highlights a difficulty in effectively capturing long-term
temporal dependencies and predicting distant future anatomical changes. Another
limitation is that, although TADM-3D is conditioned on age differences and some
patient metadata, it does not yet incorporate other important clinical factors such
as genetic information, comorbidities, or medication effects, that could significantly

influence disease trajectories.

B.5.2 Applications

Disease progression modelling plays a crucial role in many aspects of clinical prac-
tice and holds significant promise for improving patient care. By simulating the
anatomical changes that occur over time, TADM-3D enables earlier diagnosis and
more accurate prognostic assessments, which are essential for timely and targeted
interventions. Predicting personalised progression trajectories allows for individ-
ualized treatment planning, thereby optimising care strategies. In the context of
clinical trials, our model can generate virtual follow-up scans or synthetic control
arms, which can enhance trial design and reduce patient burden. TADM-3D also
helps overcome limitations caused by missing or irregularly acquired longitudinal
scans by effectively filling gaps and supporting robust longitudinal analyses. From
a research perspective, modelling disease trajectories provides insights into the un-
derlying pathophysiological mechanisms and temporal dynamics, contributing to

novel biomarker discovery. Moreover, our model supports educational efforts by
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delivering visual representations of expected progression, improving communica-
tion among clinicians, patients, and their families. Finally, TADM-3D may help
address data scarcity and biases in medical research by synthesising data for under-
represented populations and costly imaging modalities, including uncommon and
expensive scans such as PET and CT, where generating synthetic samples remains
particularly challenging.

In summary, these applications highlight the importance of our model for pre-
cision medicine, enabling earlier, more personalised, and more effective care for

progressive diseases such as Alzheimer’s.

B.5.3 Future Works

Building upon our pipeline, multiple directions could be followed to further advance
TADM-3D. One direction is to enhance the model’s ability to capture longer-term
temporal dependencies. Another one involves integrating multiple data modali-
ties beyond structural MRI, such as other medical scans, genomic information and
clinical records. This multi-modal integration could provide more comprehensive
and personalised information on the neurodegenerative progression. Additionally,
improving the model’s robustness and adaptability to diverse clinical and imaging
settings could be beneficial. Indeed, approaches based on federated learning frame-
works could facilitate model deployment across institutions without requiring data
sharing. Finally, extending the framework to other organs would further broaden

its clinical impact.

B.6 Summary

In this work, we introduced TADM-3D, a diffusion-based approach for 3D brain
progression modelling that directly predicts the intensity difference between base-
line and follow-up MRI scans, effectively capturing structural changes over time.
Our method addresses several key limitations of existing techniques by conditioning
predictions on age differences rather than on target ages, allowing for more accu-
rate temporal modelling without requiring age-balanced datasets. Furthermore, we
proposed a Back-In-Time Regularization strategy, enhancing the model’s temporal

awareness by training the model to predict both forward and backwards in time.
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We extensively evaluated TADM-3D on the OASIS-3 dataset, achieving superior
results in both similarity metrics and region volume estimation. Moreover, to assess
the generalisability of our method, we also tested TADM-3D on an external test set
from the NACC dataset, achieving comparable results w.r.t. the internal evaluation.
Qualitative analyses further highlighted the model’s capacity to better capture the
progression of brain structures over time, particularly in regions highly susceptible

to neurodegenerative diseases.
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