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Abstract

Localizing and categorizing objects within an image is one of the fundamental
and long-standing challenges in Computer Vision, extensively investigated since
the early days of the field in the 1970s. Semantic segmentation tackles this
problem by assigning a label to every pixel in the image, thereby partitioning it
into coherent regions that correspond to the underlying object categories. However,
fully supervised deep-learning approaches rely on costly and time-consuming
pixel-level annotations drawn by human annotators. The high effort required to
produce such data limits their availability across diverse datasets and domains,
restricting the scalability of supervised methods and confining them to a finite set
of available categories, thus motivating the need for weaker forms of supervision.

In recent years, the availability of large-scale image—caption datasets and
the advent of vision—-language models have transformed the field, enabling the
joint learning of visual and textual representations. This progress has motivated
researchers to extend multimodal understanding to a fine-grained, pixel-level form,
giving rise to open-vocabulary semantic segmentation, a paradigm that allows
models to segment arbitrary categories described by free-form text queries, thus
overcoming the constraints of fixed taxonomies. This capability opens new oppor-
tunities in applications such as robotic navigation and manipulation, autonomous
driving, augmented and mixed reality, and image editing. Nevertheless, transfer-
ring the global supervision provided by image captions into consistent pixel-level
multimodal representations remains an open challenge.

In parallel, self-supervised learning has emerged as a paradigm in which
models learn rich visual representations from unlabeled data by using intrinsic
supervisory signals from the images themselves. This approach has produced
general-purpose visual features that can be transferred across tasks and domains
without explicit supervision. In particular, Vision Transformer—based models have
demonstrated the ability to encode semantics not only globally but also locally, at
the level of small image patches.

This dissertation investigates methods to combine the complementary strengths
of vision—language and self-supervised models to achieve open-vocabulary seg-
mentation. We propose techniques that leverage localized semantics from self-
supervised representations and their integration with text through visual prototypes
and contrastive learning, demonstrating that self-supervised features naturally align
with linguistic concepts when properly extracted. Building upon these insights,
we extend open-vocabulary perception to embodied settings, designing robotic
agents capable of object-driven navigation in photorealistic environments through
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instance matching and localization guided by both visual and textual cues. Finally,
we explore how Multimodal Large Language Models can reason about visual
grounding and referring tasks, analyzing existing approaches, tasks, and datasets
that connect high-level reasoning with pixel-level localization.
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Sommario

La localizzazione e la categorizzazione degli oggetti presenti in un’immagine
rappresentano una delle sfide fondamentali e di lunga data della Visione Artifi-
ciale, oggetto di studio sin dagli albori della disciplina negli anni Settanta. La
segmentazione semantica affronta questo problema assegnando una categoria a
ciascun pixel dell’immagine, suddividendola cosi in regioni coerenti che corrispon-
dono alle categorie degli oggetti coperti. Tuttavia, gli approcci di deep learning
completamente supervisionati richiedono annotazioni a livello di pixel, tracciate
manualmente da annotatori umani. L’elevato costo e il notevole dispendio di
tempo necessari per produrre tali dati ne limitano la disponibilita per domini e
dataset diversi, riducendo la scalabilita dei metodi supervisionati, confinandoli a
un insieme finito di categorie note e motivando la ricerca di forme di supervisione
pit deboli.

Negli ultimi anni, la disponibilita di dataset su larga scala costituiti da coppie
immagine—didascalia e I’avvento dei modelli linguistici-visivi hanno trasformato
il campo, consentendo 1’apprendimento congiunto di rappresentazioni visive e
testuali. Questo ha portato la comunita scientifica a estendere la comprensione
multimodale verso una forma piu localizzata, a livello di pixel, dando origine
al paradigma della segmentazione semantica open-vocabulary. Tale paradigma
permette ai modelli di segmentare categorie arbitrarie descritte testualmente, super-
ando cosi i vincoli imposti dalle tassonomie predefinite. Questo nuovo approccio
apre la strada a numerose applicazioni, come la navigazione e la manipolazione
robotica, la guida autonoma, la realta aumentata e mista e 1’editing di imma-
gini. Nonostante cio, la trasformazione della supervisione globale fornita dalle
didascalie in rappresentazioni multimodali coerenti a livello di pixel rimane tuttora
un problema irrisolto.

In parallelo, I’apprendimento auto-supervisionato € emerso come paradigma
in cui i modelli apprendono ricche rappresentazioni visive a partire da dati non
annotati, sfruttando segnali di supervisione intrinseci alle immagini stesse. Questo
approccio ha portato allo sviluppo di rappresentazioni visuali universali, che
possono essere trasferite per affrontare problemi e domini differenti anche in
assenza di una supervisione esplicita. In particolare, i modelli basati su Vision
Transformer hanno dimostrato la capacita di codificare informazioni semantiche
non solo a livello globale, ma anche localmente, a livello di piccole porzioni
dell’immagine chiamate patch.

Questa tesi di dottorato indaga metodi per combinare i punti di forza com-
plementari dei modelli linguistici-visivi e di quelli auto-supervisionati per la
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segmentazione open-vocabulary. Vengono proposte tecniche che sfruttano la
semantica locale appresa dai modelli auto-supervisionati e la loro integrazione
con il linguaggio mediante prototipi visuali e apprendimento contrastivo, di-
mostrando che tali rappresentazioni sono naturalmente allineate ai concetti lin-
guistici quando estratte opportunamente. Su queste basi, estendiamo la percezione
open-vocabulary a sistemi di robotica intelligente, progettando agenti in grado di
eseguire attivita di navigazione orientata al trovare oggetti in ambienti fotorealistici
tramite riconoscimento e localizzazione di istanze guidata da referenze visive e
testuali. Infine, esploriamo come i Multimodal Large Language Models possano
ragionare su compiti di visual grounding e referring, analizzando approcci, prob-
lemi e dataset che collegano il ragionamento ad alto livello con la localizzazione a
livello di pixel.
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Chapter 1

Introduction

In the last decades, the industry has witnessed a profound transformation, often
referred to as the Fourth Industrial Revolution. This new era is characterized by
advanced forms of automation in industrial processes, enabled by smart devices
and robotic agents empowered with Artificial Intelligence technologies. The main
driving forces behind this revolution are the exponential growth in the availabil-
ity of data and the continuous increase in computational power. Technological
progress has therefore focused on the development of models capable of learning
complex patterns directly from raw information, processing massive amounts of
data through high-performance hardware such as GPUs and TPUs.

Among the various types of data that have fueled this transformation, visual
data, as images and videos, have played a particularly central role. The widespread
presence of cameras in everyday life, now even present in all our pockets through
smartphones, along with their decreasing cost and high quality, has made visual
information extremely abundant and easy to collect. This unprecedented accessib-
ility, combined with the inherent richness of visual content in describing the world
around us, has established vision as one of the most influential and challenging
domains within Artificial Intelligence research.

Computer Vision. The branch of Artificial Intelligence dedicated to the inter-
pretation of visual information is Computer Vision. Its goal is to develop systems
capable of perceiving, understanding, and reasoning about the visual world in a
manner comparable to human perception. By extracting meaningful represent-
ations from pixels, Computer Vision algorithms aim to recognize and localize
objects, interpret scenes, and ultimately connect visual perception with higher-
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CHAPTER 1. INTRODUCTION

level reasoning and decision-making. These capabilities pave the way to a wide
range of applications, from autonomous driving and robotics to medical imaging,
augmented reality, and industrial automation.

Image Segmentation. Among the various problems studied in this field, localizing
and categorizing objects within an image represents one of its most fundamental
and long-standing challenges. The ability to identify what is present in a scene and
where it is located lies at the core of visual understanding. Historically, this chal-
lenge has been addressed through image segmentation, the process of partitioning
an image into regions that are internally coherent and distinct from their surround-
ings. In its early stages, dating back to the 1970s and 1980s, segmentation research
primarily focused on low-level vision, relying on geometric and photometric cues
such as edges, color, and texture to separate image regions. These approaches,
while capable of delineating boundaries, lacked semantic understanding: they
could group pixels based on similarity but could not determine what those regions
represented.

The advent of deep learning radically transformed this paradigm. The avail-
ability of large annotated datasets and the introduction of convolutional neural
networks, as well as more recent Transformer-based architectures, have enabled
the learning of hierarchical representations that connect visual structure with se-
mantic meaning. In this context, semantic segmentation emerged as a key task,
extending traditional segmentation to the assignment of a class label to each pixel
in the image. This shift from structural to semantic interpretation marked a turning
point in Computer Vision, allowing models to parse complex scenes and reason
about objects and their relationships.

Supervised Learning. Fully supervised learning has represented the dominant
paradigm in Computer Vision for several years, particularly in tasks such as image
classification, object detection, and semantic segmentation. In this setting, a model
is trained on a large dataset of images paired with human-provided annotations
that explicitly define the desired output for each input example. For semantic
segmentation, this supervision takes the form of pixel-level masks, where each
pixel is assigned to a label corresponding to one of a predefined set of object
categories. Through this process, the model learns to associate visual patterns in
the input image with their corresponding semantic meanings. A model is said
to generalize if it maintains its ability to recognize the same categories when
evaluated on images from domains or distributions that differ from those used for
training.

While this approach has achieved remarkable success, it suffers from fun-
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damental limitations related to its dependence on extensive manual annotation.
Creating pixel-accurate segmentation masks is an extremely time-consuming and
costly process, as it requires human annotators to delineate object boundaries and
assign labels consistently across large image collections. As a result, annotated
datasets tend to cover only a limited number of domains and object categories,
typically those that are most common or easiest to label. Consequently, fully
supervised models are constrained to recognize only the categories present in their
training data, lacking the ability to be extended to novel or fine-grained concepts
that were not explicitly annotated. This dependency on exhaustive human supervi-
sion poses significant challenges for scalability and adaptability. The visual world
is inherently open-ended, containing a vast, long-tailed collection of concepts that
vary in appearance, scale, and attributes. Extending supervised models to handle
these cases would require continuously expanding and relabeling datasets, which
is impractical at a large scale.

Vision-Language Models. The availability of large-scale web-crawled datasets
containing images paired with natural language captions has paved the way for a
new generation of vision—language models, such as CLIP. These models learn joint
visual and textual representations by aligning features extracted from images and
their corresponding captions within a shared embedding space. This multimodal
alignment allows the model to associate visual concepts with their linguistic
descriptions, effectively bridging the gap between perception and language. A
key consequence of this learning paradigm is the emergence of the zero-shot
classification capability. In this setting, a model trained with supervision on a
set of labeled categories, also referred to as seen categories, can be extended to
unseen ones by simply providing the new category names as textual prompts.
The model maps visual to textual embeddings and selects the prompt that best
matches the image content, enabling recognition beyond the fixed label space
defined during training. This approach eliminates the need for explicit retraining
on new categories and has demonstrated impressive generalization abilities across
diverse datasets.

Open-Vocabulary Segmentation. Building upon its success, the open-vocabulary
paradigm extends the idea of zero-shot recognition by removing the distinction
between seen and unseen categories altogether. Instead of operating within a
closed set of predefined labels, open-vocabulary models aim to understand and
classify any arbitrary textual concept provided by the user. This paradigm shift
has naturally inspired researchers to investigate whether such flexibility could
be transferred from image-level recognition to pixel-level understanding for the
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semantic segmentation task, where the dependence on dense annotations makes
supervised learning far more constrained than in classification. Open-vocabulary
methods thus represent a promising direction to relax these constraints and enable
segmentation models to generalize beyond the fixed set of annotated categories.
Achieving open-vocabulary segmentation requires establishing multimodal cor-
respondences between pixels and text. However, while large-scale image—caption
datasets provide alignment between global image representations and language,
they do not offer supervision at the pixel level. The central challenge, therefore,
lies in transferring the multimodal knowledge learned from image-level pairs to
fine-grained pixel-level representations.

Self-Supervised Learning. In parallel with the rise of vision—language models,
self-supervised learning has emerged as a powerful paradigm for visual represent-
ation learning. In this setting, models are trained on large collections of unlabeled
images by exploiting intrinsic supervisory signals derived from the data itself,
rather than relying on human annotations. By solving automatically defined pre-
training objectives, self-supervised models learn semantically rich and transferable
visual representations. These features can be effectively reused across a wide
range of downstream tasks with minimal additional supervision.

The advent of Vision Transformer (ViT) architectures has further expanded
the potential of self-supervised learning. By representing images as sequences
of patch tokens processed through self-attention, Vision Transformers enable the
modeling of long-range dependencies and interactions between image regions.
Recent self-supervised approaches built upon this architecture have shown that
such representations capture semantic structure not only at the global image level
but also locally, at the level of individual patches. Among these approaches, the
DINO series of models has demonstrated remarkable semantic richness at the
patch level. Through a self-distillation strategy that aligns representations across
multiple augmented views of the same image, DINO learns highly structured
visual embeddings without requiring labeled data. These representations have
proven to be strong general-purpose features, forming an effective foundation for
dense prediction tasks such as semantic segmentation and depth estimation.

1.1 Thesis Overview

The central objective of this dissertation is to investigate how to bridge self-
supervised visual representations with language understanding, and to explore their
integration and application in open-vocabulary perception and related multimodal
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tasks. The underlying intuition motivating this research is that self-supervised
models, trained without human annotations, learn representations that encode a
rich and structured understanding of visual scenes, which are potentially alignable
with linguistic semantics. However, this alignment is not explicitly established
during training and therefore remains hidden within the learned feature space.
The core hypothesis of this work is that this latent connection between visual and
textual semantics can be revealed and formalized through appropriate mechanisms
that associate the visual embeddings produced by self-supervised backbones with
representations derived from language.

This perspective envisions the development of universal visual models that
preserve the generality, scalability, and transferability of self-supervised features
while also integrating the capacity to interpret and reason about visual content
through natural language. Such models could serve as a foundation for a broad
spectrum of downstream tasks, spanning geometric and structural tasks, such as
depth estimation and 3D reconstruction, and semantically grounded tasks, such
as segmentation or object recognition. The combination of these two dimensions,
geometric understanding and semantic reasoning, is fundamental for real-world
applications in autonomous driving, robotic navigation, and industrial automation,
where systems must simultaneously comprehend the physical structure of the
environment and the meaning of the objects within it. By embedding textual
understanding into general-purpose visual representations, this dissertation aims to
move toward perceptual systems that are both semantically aware and universally
applicable across domains and modalities.

Chapter 2 provides the foundational background for the rest of the thesis. It
begins with an overview of traditional image segmentation methods, and evolves
toward deep learning approaches such as convolutional neural networks and
attention-based architectures. The Chapter then introduces the open-vocabulary
paradigm and the motivation for integrating vision-language models into pixel-
level perception. Finally, it discusses the growing field of object-oriented nav-
igation and embodied Al, positioning these tasks as real-world benchmarks for
evaluating the interplay between visual understanding and language grounding.

Chapter 3 investigates how to connect self-supervised visual representations
with textual semantics by introducing the concept of visual prototypes. A visual
prototype represents a category or concept through the average of patch-level
embeddings produced by a self-supervised model over localized regions of an
image. If such localized regions can be associated with textual descriptions, these
prototypes naturally provide a bridge between visual and linguistic spaces. We
investigate different strategies to obtain this association between visual localiza-
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tion and textual concepts. One direction leverages image—caption datasets, where
captions provide weak supervision about the objects and entities present in the
scene, and existing open-vocabulary models can be used to estimate the spatial re-
gions corresponding to the mentioned terms. A complementary approach exploits
the properties of diffusion-based image generation models, which are capable of
producing synthetic images conditioned on textual prompts while revealing the
image regions linked to each word in the conditioning caption. These two sources
of supervision enable the construction of text-aligned visual prototypes that bridge
the gap between self-supervised features and linguistic representations.

Chapter 4 explores a contrastive approach to align self-supervised visual
backbones with text encoders for open-vocabulary segmentation. The core idea
is to learn a lightweight projection layer that connects patch-level embeddings
from a self-supervised model with the corresponding textual representations, using
training on large-scale image—caption datasets. Unlike traditional contrastive
methods that align a global image representation with its associated caption,
this work exploits an inherent property of self-supervised models that allows
them to identify coherent and semantically consistent regions within the image.
By leveraging this property, the alignment focuses only on the image regions
that are relevant to the textual description, thereby establishing a fine-grained
correspondence between visual and linguistic features.

In Chapter 5 we introduce a novel navigation task in which a robotic agent must
locate a specific object within an unexplored environment, given either textual
descriptions or visual references of the object. To support this task, we present
a new dataset specifically designed for these conditions, in which target objects
may appear among distractors or within multiple locations. We evaluate how
state-of-the-art open-vocabulary detectors and self-supervised visual backbones
can be leveraged to identify the target object, integrate visual and textual cues, and
guide the navigation policy.

Chapter 6 focuses on the recent evolution of Multimodal Large Language
Models (MLLMs) and how these models can be equipped with fine-grained visual
understanding. It provides a structured analysis of the techniques that enable
MLLMs to reason about images at the pixel level. In particular, we review and cat-
egorize existing approaches that integrate visual grounding capabilities, where the
model predicts the image region corresponding to a textual reference, and referring
capabilities, where the user specifies the region as input for description or reason-
ing, focusing on how the integration of self-supervised models enhances the local
understanding. We further examine the training data required for such grounding
abilities and discuss the evaluation protocols and datasets commonly adopted
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in the literature. By analyzing these methods and their associated benchmarks,
this chapter outlines the emerging directions for extending the reasoning abilities
of MLLMs toward pixel-level perception, bridging the gap between high-level
language understanding and detailed visual localization.

1.1.1 Activities carried out during the Ph.D.

In addition to the research activities presented in this thesis, contributions to
academic service and participation to internships, conferences, scientific schools,
and seminars are listed below. The complete list of publications is instead reported
in Appendix 8.

Internships

Google, Zurich, Switzerland (Nov. 2025 - March. 2026): Conducted re-
search on real-time open-vocabulary instance segmentation on edge devices
in the Semantic Perception Team, under the supervision of Dr. Maxim
Berman

Amazon, Berlin, Germany (Apr. 2025 - Sep. 2025): Conducted research on
cross-model alignment for product image retrieval in the Content Systems
Science and Engineering Team, under the supervision of Dr. Jochen Gast
and Dr. Luitpold Staudigl

Conferences and schools attended

International Summer School on Machine Vision (VISMAC) Padova, Italy,
2023

ELLIS Summer School on Large-Scale Al for Research and Industry, Mod-
ena, Italy, 2023

IEEE/CVF Computer Vision and Pattern Recognition (CVPR), Seattle,
Washington (USA), 2024

International Computer Vision Summer School (ICVSS), Scicli, Italy, 2024
European Conference on Computer Vision (ECCV), Milan, Italy, 2024

Conference on Neural Information Processing Systems (NeurIPS), Van-
couver, Canada, 2024

Bridging Vision and Language for Open-Vocabulary Segmentation



CHAPTER 1. INTRODUCTION

» IEEE/CVF International Conference on Pattern Recognition (ICCV) Hon-
olulu, Hawaii (USA), 2025

Seminars and Workshops

* ”Digital Humanities and Artificial Intelligence for humans in today society”,
Prof. Rita Cucchiara, 2022

”Graph Signal Processing for Machine Learning: Challenges and Usecases”,
Prof. Laura Toni, 2022

”From Handcrafted to End-to-End Learning, and Back: a Journey far Multi-
Object Tracking”, Prof. Laura Leal-Taixé. 2022

* ”3D Computer Vision for animals”, Prof. Silvia Zuffi, 2022

* ”The Unreasonable Effectiveness of Large Language-Vision Models for
Video Domain Adaptation”, Prof. Elisa Ricci, 2023

* Terzo Meeting Annuale del progetto Fit4MedRob, 2025
* ICCV Doctoral Consortium, mentored by Prof. Cordelia Schmid, 2025
Participation to Research Projects

* ELIAS - European Lighthouse of Al for Sustainability, Horizon Europe
Research & Innovation Programme

* PERSEO - Personalized Robotics as Service Oriented Applications, Marie
Sklodowska-Curie Action Horizon

¢ FitdMedRob - Fit for Medical Robotics, PNRR
* FAIR - Future Artificial Intelligence Research, PNRR
Teaching Activities

* Lecturer for the "Intensive Master: Al and ML for Smart Factory”, Experis
Srl

Journals Reviewing

» IEEE Transactions on Pattern Analysis and Machine Intelligence (PAMI)
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* Pattern Recognition

* ACM Transactions on Multimedia Computing, Communications, and Ap-
plications (TOMM)

¢ Al Communications

Conferences Reviewing

IEEE/CVF Computer Vision and Pattern Recognition (CVPR, Outstanding
Reviewer in 2025)

IEEE/CVF International Conference on Computer Vision (ICCV)
* European Conference on Computer Vision (ECCV)

¢ The British Machine Vision Conference (BMVC)

IEEE/RSJ International Conference on Intelligent Robots and Systems
(IROS)

* International Conference on Image Analysis and Processing (ICIAP)
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Chapter 2

Background

2.1 Traditional Image Segmentation

Before the advent of deep learning, image segmentation was studied as a low-level
vision task grounded in the principles of human perception and mathematical
modeling. Early research aimed to formalize the organization of visual elements
into coherent structures, drawing inspiration from Gestalt psychology and mod-
eling this concept through region-based, boundary-based, and graph-theoretical
formulations. These classical approaches treated segmentation as the problem of
partitioning an image into internally consistent regions using handcrafted criteria
such as intensity, texture, or edge continuity. Over time, they evolved into more
structured formulations through graph partitioning, probabilistic graphical models,
and superpixel algorithms. Although these methods lacked semantic understand-
ing, they laid the groundwork for modern segmentation pipelines by defining the
core principles of spatial coherence, region homogeneity, and perceptual grouping
that continue to underpin current approaches. This Section reviews the founda-
tional methods that preceded the learning-based era, tracing the development of
segmentation from early perceptual models to structured optimization techniques.

2.1.1 From Gestalt Psychology to Image Segmentation

In the early years of Computer Vision, the formulation of image segmentation
was strongly influenced by Gestalt psychology, a school of thought that studies
how the human visual system organizes visual stimuli into coherent perceptual
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units named Gestalten. According to Gestalt principles, visual perception is
governed by grouping rules such as similarity, proximity, continuity, and closure,
which determine how individual elements are naturally aggregated into meaningful
wholes [155, 156, 294, 347, 348]. Early segmentation methods can be understood
as computational attempts to formalize these perceptual principles, translating
them into an algorithmic low-level perceptual grouping problem, defined as the
task of partitioning an image into a set of disjoint regions such that pixels within
the same regions are homogeneous according to low-level visual criteria, such as
intensity, color, or texture, while pixels in different regions are dissimilar. Image
segmentation was often explicitly framed as a clustering problem, where the goal
was to identify coherent groups of elements based on similarity relationships [238,
268]. As noted by Haralick and Shapiro [120], the key distinction between
clustering and image segmentation lies in the fact that clustering operates in an
abstract measurement space, while segmentation must simultaneously respect the
spatial organization of the image, enforcing mutually exclusive regions in the
image domain alongside similarity in feature space.

A seminal contribution in this direction was introduced by Zahn [395], who
proposed one of the first graph-theoretical formulations of perceptual grouping
inspired directly by Gestalt psychology. In this framework, image elements are
modeled as vertices in a graph with edge weights encoding pairwise proximity
based on inter-point distances. Gestalt clusters are then detected by constructing
the minimum spanning tree (MST) of the graph and cutting edges with high
weights, corresponding to dissimilar connections between elements, with the
remaining connected components of the MST defining the segmentation.

Another influential line of early work approached image segmentation through
region-based recursive decomposition and merging. In particular, Horowitz and
Pavlidis [127, 240] proposed a segmentation method based on a split-and-merge
strategy, in which the image is initially considered as a single region and recurs-
ively subdivided into smaller regions according to predefined homogeneity criteria,
such as intensity variance or texture measures. Once splitting is complete, adja-
cent regions that satisfy similarity constraints are iteratively merged, yielding a
final partition of the image. A closely related approach was later introduced by
Ohlander et al. [232], who proposed a segmentation method based on recursive
region splitting within a multiscale framework. In their formulation, the image
is progressively decomposed into regions of increasing granularity, yielding a
hierarchical representation in which large, coarse regions capture global image
structure, while smaller regions encode finer local details.

Together, graph-theoretical clustering methods and region-based approaches

12

Bridging Vision and Language for Open-Vocabulary Segmentation



CHAPTER 2. BACKGROUND

established the foundational paradigms of image segmentation, influencing the
research over subsequent decades. In particular, they laid the conceptual and
methodological groundwork for later developments in graph-based optimization,
spectral clustering, superpixel algorithms, and, ultimately, learning-based segment-
ation methods, including those in the deep learning era.

2.1.2 Boundary-Based and Thresholding Approaches

In parallel to region-based and graph-theoretical formulations, early research on
image segmentation also explored boundary-based approaches, which framed
segmentation as the problem of identifying discontinuities in image intensity.
Classical edge detectors, such as the Roberts [265], Prewitt [244], and Sobel [293]
operators, estimate local image gradients by convolving the image with small
predefined kernels that approximate first-order spatial derivatives. Pixels exhibiting
high gradient magnitude are then interpreted as candidate boundaries, under the
assumption that object contours correspond to abrupt intensity changes.

Building upon these early gradient-based methods, Canny [33] introduced a
more principled approach to edge detection by formulating it as a multi-stage
optimization problem. The Canny edge detector was designed to satisfy three
criteria: high detection accuracy, precise localization of edges, and robustness
to noise. To this end, the method integrates image smoothing, gradient compu-
tation, non-maximum suppression, and hysteresis thresholding within a unified
framework, producing thin and well-localized edge maps.

Complementary to boundary-based techniques, thresholding approaches ad-
dressed segmentation by partitioning images according to pixel intensity values.
In these methods, pixels are assigned to different regions based on whether they
fall above or below a selected threshold [144, 264, 269, 272]. However, determ-
ining an appropriate threshold is a critical challenge, particularly in the presence
of noise or varying illumination [120, 238, 278]. Otsu [235] proposed a widely
used solution by introducing an automatic threshold selection method that max-
imizes the separation between foreground and background classes, measured in
terms of inter-class variance. While effective in constrained settings, thresholding-
based methods cannot generally capture complex spatial structures, motivating the
development of more global and context-aware segmentation techniques.
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2.1.3 Graph-based Segmentation

Building upon the graph-theoretical perspective on image segmentation originally
introduced by Zahn [395], Wu and Leahy [355] revisited segmentation as a graph
partitioning problem, where the image is represented as a weighted undirected
graph G = (V, E)) whose vertices correspond to pixels and whose edges connect
neighboring pixels and encode pairwise affinities derived from a given measure
of similarity. The objective of the problem is to partition the vertices into the set
V1, Va, ..., V,, such that the measure of similarity is high between the vertices
of the set V;, while it is low among the vertices across the sets V; and V;. The
graph G can be partitioned into two disjoint sets A and B suchthat AUB =V
and A N B = & by removing the edges that connect the two sets. The degree
of dissimilarity between the two sets can be computed as the total weight of the
removed edges. This value, in graph theory, is called a cut and is defined as:

cut(A,B) = > w(u,v). 2.1)

u€EAvEB

The optimal bipartitioning is the one that minimizes the value of the cut. When
partitioning the graph into k-subgraphs, the objective is to minimize the total
cut cost between partitions, and this can be solved by recursively computing the
minimum cut that bisects each partition. This formulation, with respect to the local
grouping rules introduced by Zahn, exploits a global measurement of the quality
of the segmentation, thereby enforcing the overall coherence by discouraging the
separation of strongly connected image elements. However, the minimum cut
objective favors the formation of small sets of vertices because the cut grows with
the number of edges in such partitions.

To avoid the bias toward partitioning small sets of vertices, Shi and Ma-
lik [283, 284] introduced a novel formulation of the degree of dissimilarity between
partitions named normalized cut (NCut) and defined as

cut(A, B) cut(A, B)
assoc(A,V)  assoc(B,V)

NCut(A4, B) = (2.2)
where assoc(A, V) = 37, c 4 ey w(u, v) is the total number of edges connecting
vertices from A to all vertices in the graph. The normalized cut can be reformulated
as the Rayleigh quotient [109], and, assuming that the optimal cut can assume real
values, it can be minimized by solving a generalized eigenvalue system. Starting
from the second smallest eigenvector, each next eigenvector corresponds to the
subsequent real-valued partitioning, which can be approximated to a discrete cut.

14
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From this perspective, this approach can also be interpreted as a form of spectral
clustering, where the eigenvectors of the graph Laplacian provide an embedding
that reveals the intrinsic grouping structure of the image graph [45, 64, §9, 103].
While the real values relaxation yields multiple eigenvectors corresponding to
low-cost cuts, in practice, the discretization of high-dimensional embeddings is
non-trivial and often unstable. Hence, the normalized cut algorithm is typically
applied through recursive bipartitioning, recomputing the generalized eigenvalue
problem at each stage while considering the second smallest eigenvector as the
current cut, to finally obtain k-subgraphs.

2.1.4 Probabilistic Graphical Models

Alongside graph-based and region-based segmentation methods, probabilistic
graphical models played a significant role in the evolution of image segmentation.
Markov Random Fields (MRFs) [26, 82, 83] and Conditional Random Fields
(CRFs) [158] model segmentation as a structured prediction problem, where pixels
or regions are treated as random variables whose labels are jointly inferred by
minimizing an energy function that balances data fidelity with spatial coherence.
In this formulation, unary terms encode local appearance information, while pair-
wise terms enforce smoothness and contextual consistency between neighboring
elements. CRFs, in particular, enabled the incorporation of rich data-dependent
potentials and were widely adopted to refine segmentation outputs, including as
post-processing stages in early deep learning pipelines.

2.1.5 Superpixel Algorithms

The modern notion of superpixels originates from the observation that individual
pixels are not natural or meaningful entities for representing visual scenes, but
rather artifacts of the discrete sampling process used in image representation. A
seminal formulation of this idea was introduced by Ren and Malik [262], who
coined the term superpixel to indicate a visual unit composed of multiple pixels
that maintains locality, coherence, and the necessary structure for segmentation
at the desired scale. Importantly, superpixels are class-agnostic and do not carry
semantic meaning; instead, they serve as perceptual primitives that reduce the
complexity of the segmentation problem [24, 34]. In their proposed approach,
Ren and Malik adopted superpixels as an oversegmentation preprocessing stage
by applying the Normalized Cuts algorithm using contour and texture cues as
measures of similarity. Then, the goodness of the current segments, initialized
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with the superpixels and updated with a random search, is predicted with a train-
able classifier on top of Gestalt cues, such as texture, brightness, contour, and
curvilinear continuity.

Superpixel algorithms have been categorized according to their high-level
formulation by Achanta et al. [1, 2] and Stutz et al. [297]. Graph-based approaches
can be seen as a natural evolution of the Normalized Cuts framework and are
commonly divided into optimal-cutting [262, 325], bottom-up merging [102,
132, 195], and elimination-based [413] methods. In particular, Felzenswalb and
Hutterlocher [102] proposed a pioneering bottom-up merging approach in which
an agglomerative clustering of pixels is performed such that each superpixel is the
minimum spanning tree of the constituent pixels.

Watershed-based approaches interpret an image as a topographic surface,
where pixel intensities or gradient magnitudes define elevation. In this analogy,
segmentation is obtained by identifying catchment basins associated with local
minima and the watershed lines that separate them [219, 326]. Variants of this
paradigm primarily differ in how the image is preprocessed and how markers are
defined to guide the flooding process, enabling control over the number, size, and
compactness of the resulting superpixels [18, 129, 210, 211, 230].

Clustering-based superpixel algorithms are inspired by classical clustering
techniques and generate superpixels by grouping pixels according to a measure
of similarity [185, 230, 239, 331, 346]. Among them, the Simple Linear Iterative
Clustering (SLIC) algorithm [1, 2] has emerged as a widely adopted baseline,
which adapts k-means for superpixel generation by restricting the clustering
to local neighborhoods, and employs color similarity and spatial proximity as
measures.

Energy optimization—based superpixel algorithms formulate superpixel gener-
ation as the iterative minimization of an objective function that encodes desired
region properties, such as color homogeneity and spatial regularity [69, 218, 306,
307, 380]. A representative example is the SEEDS algorithm [319], which starts
with a regular grid of initial superpixels and iteratively refines their boundaries
through a hill-climbing optimization process. The energy function is defined as
the sum of the likelihood of the colors and a prior of the boundary shapes of the
superpixels.

Beyond the main families discussed above, a variety of additional strategies for
superpixel generation have been explored. These include density-based methods
based on mode-seeking in feature space [68, 323], contour evolution approaches
that represent superpixels as deformable regions [29, 30, 172], path-based for-
mulations that connect seed points through pixel paths [75, 93], as well as other
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signal-processing—driven strategies [295].

2.2 Segmentation in the Era of Deep Learning

The advent of deep learning marked a paradigm shift in image segmentation,
moving from handcrafted heuristics to learned representations driven by data.
Fueled by large annotated datasets, powerful hardware, and scalable optimization,
convolutional neural networks demonstrated unprecedented performance in ex-
tracting semantic meaning from raw pixels, enabling dense prediction tasks such as
semantic, instance, and panoptic segmentation. This evolution continued with the
introduction of attention-based architectures, culminating in Vision Transformers
that brought long-range contextual reasoning to pixel-level understanding. In
parallel, object-centric and query-based models reframed segmentation as a set
prediction problem, unifying semantic and instance segmentation under a common
architectural framework. This chapter surveys the foundational deep learning
architectures that have shaped modern segmentation pipelines, ranging from fully
convolutional networks to Transformer-based models, and highlights the transition
toward object-aware methods.

2.2.1 Convolutional Neural Networks

The field of Computer Vision underwent a profound transformation with the
advent of deep learning, driven by the availability of large-scale labeled data-
sets [81, 190], advances in optimization techniques [229, 134, 151], and the
increasing accessibility of high-performance computational resources [67, 251]. A
pivotal moment in this transition was the introduction of the ImageNet dataset [81],
which enabled training and evaluating models on millions of labeled images span-
ning thousands of object categories. Leveraging this resource, AlexNet [162]
demonstrated that deep convolutional neural networks could dramatically out-
perform traditional hand-engineered pipelines in large-scale image classification,
marking the beginning of the modern deep learning era in vision. Subsequent
architectures [125, 292, 302] further refined this paradigm, showing that deep
networks are capable of learning hierarchical and increasingly abstract feature
representations that encode high-level semantic information directly from raw
pixel data [19, 168, 385, 397].

Building upon the success of deep learning in image classification, early
attempts [66, 111] to apply neural networks to fine-grained scene understanding
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tasks soon emerged. Pioneering works [100, 101, 223] demonstrated that deep
architectures could be extended beyond image-level prediction to dense labeling
tasks, highlighting the potential of learned hierarchical features for capturing
semantic information at the pixel level. Moreover, several human-annotated
datasets were introduced across diverse domains, including urban driving scenes,
indoor environments, natural images, and medical imagery, providing pixel-level
annotations for fixed sets of categories. These datasets established a common
evaluation setting and enabled the training of models to recognize and localize
predefined categories at the pixel level. With these advancements, the focus of
image segmentation shifted from purely perceptual grouping toward tasks that
explicitly aim to assign semantic meaning to image regions, giving rise to three
closely related yet distinct problem formulations: semantic segmentation, instance
segmentation [123], and panoptic segmentation [152]. Semantic segmentation
assigns a semantic class label to every pixel in the image, grouping all pixels that
belong to the same object category. Instance segmentation further refines this
formulation by distinguishing between different instances of the same category,
producing separate masks for each object occurrence. Panoptic segmentation
unifies these two perspectives, assigning every pixel both a semantic label and,
when applicable, an instance identifier. In this dissertation, we focus primarily on
semantic segmentation, as it provides a natural foundation for pixel-level semantic
understanding and serves as the basis for the open-vocabulary setting explored in
the following chapters.

A fundamental challenge in adapting deep learning models to semantic seg-
mentation lies in combining high-level semantic abstraction with the preservation
of fine-grained spatial detail required for pixel-level prediction [121, 204]. Convo-
lutional neural networks designed for image classification progressively reduce
spatial resolution through pooling and strided convolutions to increase receptive
field size and semantic expressiveness [125, 292, 302]. While effective for global
recognition, this design produces coarse feature maps that lack precise localiza-
tion [52, 388], making it challenging to model long-range contextual relationships
across distant image regions without reducing the spatial resolution [200, 415].

To address these challenges, a range of architectural strategies emerged to ad-
apt deep networks to dense prediction tasks. Fully Convolutional Networks (FCNs)
reformulated classification models into fully convolutional architectures capable
of producing pixel-wise predictions in an end-to-end manner [204]. Building
upon this paradigm, encoder—decoder architectures introduced symmetric decod-
ing stages that progressively recover spatial resolution [10, 44, 231, 267]. These
methods leverage lateral skip connections to fuse low-level spatial details from the
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encoder with high-level semantic features in the decoder, enabling precise bound-
ary localization. This design is best exemplified by the U-Net architecture [267],
which concatenates feature maps from the contracting path directly to the expand-
ing path, and SegNet [10], which reuses pooling indices. In parallel, pyramidal
and multi-scale designs explored the aggregation of contextual information across
multiple resolutions to improve robustness to scale variations [124, 189, 188, 415],
while dilated (or atrous) convolutions enabled the enlargement of the effective
receptive field without additional downsampling [52, 389].

2.2.2 Vision Transformer

Another major paradigm shift in Artificial Intelligence was driven by the introduc-
tion of the Transformer architecture and the attention mechanism [322], which
initially revolutionized the field of Natural Language Processing by enabling mod-
els to capture long-range dependencies and global contextual relationships in a
flexible and scalable manner. The success of Transformers in language modeling
and sequence-to-sequence tasks soon motivated their adoption beyond NLP, lead-
ing to a broader impact across multiple AI domains, including Computer Vision.
Early attempts to transfer the Transformer paradigm to visual tasks focused on
hybrid architectures that combined convolutional neural networks with attention
mechanisms, leveraging convolutions for local feature extraction while using
self-attention to model global context [131, 182, 338, 394]. These approaches
aimed to mitigate the limitations of purely convolutional designs, particularly
their difficulty in capturing long-range interactions without aggressive spatial
downsampling [408, 407].

A decisive step toward fully attention-based visual models was taken with the
introduction of the Vision Transformer (ViT) [90], which demonstrated that a pure
Transformer architecture could be successfully applied to image classification
when trained on sufficiently large datasets. Let I € R¥*WXC denote an input
image with height H, width W, and C' channels. The input image is first divided

into a sequence of non-overlapping patches of size P, yielding N = f{}! patches.

Each patch is flattened into a vector x; € R 20, 1 = 1,..., N and linearly
projected into a D-dimensional embedding space z; = x;E, E € R(” *O)xD,
These patch embeddings serve as the visual tokens processed by the Transformer,
analogous to word embeddings in NLP models. Since Transformers are inherently
permutation-invariant, positional information is injected by adding a positional em-
bedding as Z¢ « Zo + P, where P € R(N+1*D 5 a Jearnable or fixed positional

encoding, allowing the model to maintain spatial awareness. Additionally, a spe-
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cial learnable token zys € RP, commonly referred to as the classification token, is
prepended to the sequence and is designed to aggregate global information from all
patches using the attention mechanism. The output representation corresponding
to this token is then used for image-level prediction tasks. The token sequence is
processed by a stack of L Transformer encoder layers. Each layer consists of a
multi-head self-attention (MSA) block followed by a position-wise feed-forward
network (FFN), both equipped with residual connections and layer normalization:

2 = MSA(LN(Zg_l)) + Zg_l,
Z, = FFN(LN(Z))) + Z},

for{ =1,..., L. Given an input Z € RW+TD*D gelf-attention is computed by
projecting the tokens into queries, keys, and values:

Q=2ZW,, K=ZWg, V=ZWy,

where Wg, W, Wy, € RPX4, The attention operation is defined as

. QK'
Attention(Q, K, V) = softmax V.
Vd
In the multi-head formulation, this operation is performed independently across h
heads, whose outputs are concatenated and linearly projected:

MSA(Z) = Concat(heady, . .., head,)Wo.
Each Transformer layer includes a position-wise feed-forward network defined as
FFN(Z) = a(zW1 + bl)Wg + bo,

where o(+) denotes a non-linear activation function.

Following the release of the ViT, a research direction started investigating
how to utilize its architecture for segmentation focusing on decoding the patch
embeddings into semantic masks. SETR [418] pioneered this direction by treating
the ViT purely as an encoder, reshaping back the patch embeddings into a 2D
feature map and feeding them into a standard convolutional decoder to predict
pixel-wise class labels. To better recover multi-scale information, DPT [256]
introduced a mechanism to reassemble tokens from intermediate layers into a
feature pyramid, while ViT-Adapter [57] proposed an external adapter module
to explicitly inject local spatial priors into the Transformer backbone. Despite
these advancements, the quadratic complexity and fixed resolution of standard
ViTs remained a bottleneck, motivating the subsequent shift toward hierarchical
Transformer designs and query-based paradigms.
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2.2.3 Object-Centric Segmentation

In parallel to the introduction of the ViT, Carion ef al. [36] introduced a funda-
mental attention-based paradigm shift toward object-centric methods for object
detection, which lately has been adopted in semantic segmentation and is still
nowadays representing the reference paradigm [58, 59, 135, 175, 296, 330]. In
their proposed method, DETR, the feature map computed from a convolutional
network is provided to a Transformer encoder-decoder architecture. The encoder
performs self-attention on the flattened convolutional features to capture long-
range contextual information, while the decoder employs cross-attention between a
set of learnable object queries and the output of the encoder. Finally, the bounding
boxes are directly regressed from the output object embeddings using a FFN.

Segmenter [296] adapts the framework of DETR to semantic segmentation in
a fully attention-based architecture. It employs a ViT as backbone and replaces the
decoder with a Mask Transformer, in which a set of learnable class embeddings
is concatenated to the output patch embeddings of the ViT before performing
self-attention. Finally, the dot product between the class embeddings and the patch
embeddings is computed and upsampled to obtain the resulting masks.

To overcome the structural limitations of the standard ViT, specifically its
quadratic complexity and single-scale output, a parallel research direction focused
on reintroducing the hierarchical feature pyramid characteristic of CNNs into
Transformer-based backbones [110, 203, 350, 361, 369]. These approaches aimed
to reconcile the global modeling capabilities of self-attention with the multi-scale
inductive biases required for dense prediction, while simultaneously improving
computational efficiency. Swin Transformer [203] represents the most prominent
advancement in this direction. It constructs a hierarchical representation by mer-
ging image patches at deeper layers, effectively building a feature pyramid. To
reduce computational cost, the self-attention is restricted to non-overlapping local
windows and a shifted window mechanism is introduced to alternates the partition-
ing between consecutive layers. This design enables cross-window communication
and global context modeling with linear complexity O(N), establishing Swin as a
standard backbone for high-performance segmentation.

The convergence of these hierarchical backbones with the object-centric
paradigm eventually led to the unification of segmentation tasks under a single
framework. The MaskFormer series of models [58, 59] challenged the conven-
tional per-pixel classification formulation dominant since FCNs, proposing instead
that semantic segmentation be solved as a mask classification problem. In this
architecture, a hierarchical backbone, such as the Swin Transformer, extracts
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multi-scale features, which are then processed by a pixel decoder to generate
high-resolution per-pixel embeddings. A Transformer decoder then employs a set
of learnable object queries to attend to these embeddings and predict a set of binary
masks and their corresponding class labels. This formulation has since become a
reference paradigm for fully supervised semantic segmentation and provides the ar-
chitectural foundation upon which many supervised open-vocabulary segmentation
methods are built.

2.3 Self-Supervised Learning

Despite the remarkable successes achieved by fully supervised learning, several
real-world applications in Computer Vision face a common challenge where there
is a large abundance of unsupervised data with respect to supervised. Thereby,
researchers started to investigate paradigms in machine learning that exploit un-
labeled data for representation learning, such as self-supervised, active, and semi-
supervised learning. Self-supervised learning aims to intrinsically generate labels
from unlabeled data, leveraging supervisory signals coming from data themselves,
such as relationships between components and different views. The key idea is
to design tasks that encourage the model in learning meaningful representations
by solving automatically defined objectives, without relying on human-annotated
data. This paradigm has led to the development of models capable of learning se-
mantically rich and transferable visual features, which can be effectively reused for
a wide range of downstream tasks, such as image classification and retrieval, with
only a minimal amount of supervised data required to train lightweight prediction
heads on top of them.

Gui et al. [114] organize the self-supervised learning techniques into three
main categories: (i) context-based methods, which are based on inherent contextual
relationships among the training images, such as rotation, colorization, and jigsaw;
(ii) contrastive learning methods, which aim to force the representations of diverse
views of the same image to be similar, while moving them away from negative
samples; (iii) generative algorithms, mainly represented by the masked image
modeling models such as BEiT [15] and MAE [122], where the model is trained to
reconstruct masked o corrupted portions of the image. In this section, we focus on
the DINO family of models, highlighting their training strategy and analyzing how
their learned representations can be leveraged for unsupervised object localization.
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2.3.1 Distillation Without Labels

In this dissertation, we explore the properties of the DINO (DlIstillation with NO
labels) family of models [37, 77, 234, 291], belonging to the contrastive learning-
based methods, intending to obtain a universal vision model that is capable of
performing multiple tasks with the same weights, including open-vocabulary seg-
mentation. The original formulation of DINO is inspired by knowledge distillation,
in which a student network is trained to produce the results of a given teacher
network. In DINO, the two networks share the same architecture, and the teacher
network is dynamically built during training as an exponential moving average of
the student network. Given an image, two global views and several local views
are obtained by randomly cropping the image. The student network processes all
the views, while the teacher network processes only the global views. Then, the
loss forces the student to predict the global representations of the teacher from
the local crops of the image. The DINO pre-training has been tested on both the
ResNet [125] and ViT [91]. On the latter, it has been observed that the pre-training
leads to strong localization properties. Indeed, by observing the attention between
the classification token and the patch tokens, it can be seen that the largest atten-
tion scores focus on the foreground objects. Moreover, DINO embeds a property
named semantic coherence, for which semantically similar regions in an image
should produce similar patch representations in the vision encoder [227].

DINOv2 [234] has been introduced as a scalable evolution of the framework,
leveraging a large curated dataset of 142 million images and combining the image-
level distillation loss of DINO with the patch-level masked image modeling of
iBOT [423]. This combination allows the model to learn feature maps in which the
patch embeddings semantically describe the portions of the image that are covered
by the patches themselves. However, qualitative analysis revealed the presence of
artifact tokens in the feature maps of DINOv2. These artifacts are patch tokens
with a norm higher than the others, and acquire global information about the image
rather than describing the corresponding portion of the image. To mitigate their
presence, Darcet et al. [77] proposed to explicitly add a set of register tokens to the
input sequence, which join the classification token in absorbing global information,
freeing the patch tokens.

Most recently, DINOv3 [291] further increased the scale of the framework,
training models with up to 7 billion parameters on a dataset of 1.7 billion images.
A key insight was that extended training often degraded the quality of patch-level
features even if performance on global tasks improved. To counter this, the authors
introduced the Gram Anchoring, a regularization objective that preserves the cor-
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relation structure of patch features throughout training. This ensures that the model
maintains the fine-grained localization capabilities required for segmentation, even
at a massive scale.

2.3.2 Object Localization with Self-Supervised Features

The strong localization properties exhibited by DINO have led several works [146,
217, 289, 339, 341, 321] to investigate how to leverage such features to effectively
detect and segment the relevant objects in the scene without training and labels.
These methods recall the graph theory [283, 284, 355, 395], traditionally used for
image segmentation, interpreting image units, such as pixels, as nodes, and the
dissimilarity between them as the weight for the edges connecting the nodes. An
undirected graph G on the feature maps of DINO can be built employing the NV
patches as nodes and the cosine similarity between them for the edges. Most of the
methods use the keys from the last attention layer of DINO as patch embeddings
due to their improved correlation properties [289, 339, 341]. The graph G, given
the similarity matrix between patches W = (W;;)1<; j<n € RV*¥, can be

represented through the adjacency matrix W = (W;;)1<ij<n € {0, 1}V*N,

such that
1 if W, >0
Wy = { b = (2.3)
€ otherwise.

with § € [0, 1] as a constant threshold and ¢ > 0 as a small value used to obtain a
fully connected graph if required by the method.

A first line of research, starting from the assumption that the objects in the
scene occupy less space than the background, investigates the detection of seed
patches from which to start building object clusters, considering the patches
connected to the seeds [289, 321]. In particular, LOST [289] employs the patches
with the lowest amount of connections as seeds, while MaskDistill [321] uses
the attention maps between the classification token and the patches from the last
layer to identify the seeds. Another research direction adapts the normalized cut
algorithm to perform spectral clustering on the graph built from the feature map of
DINO [146, 217, 339, 341]. Such methods involve computing the second smallest
eigenvalue and the corresponding eigenvector from the generalized eigensystem, as
discussed in 2.1.3, to get the optimal cut that partitions the image into two clusters.
In TokenCut [341], the salient object segment is selected as the cluster containing
the patch with the largest norm, while Melas-Kyriazi et al. [217] select the smallest
component. To produce multiple object masks, MaskCut [339] uses iteratively
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TokenCut while disconnecting the detected object partitions and computing the
optimal cut on the remaining patches. The resulting approach is then used as an
annotator to train a detector, such as Mask R-CNN, and create the model named
CutLER. Differently, Kara et al. [146] select the N smallest eigenvectors from the
generalized eigensystem and represent each patch according to the feature space
defined by these eigenvectors, to finally perform a k-means in the new feature
space and obtain the segmentation masks.

2.4 Open-Vocabulary Semantic Segmentation

The traditional paradigm of semantic segmentation relies on fully supervised
learning with densely annotated datasets and a fixed set of predefined categories.
While this approach has led to significant advances, it remains fundamentally
limited in scalability due to the cost of manual labeling and the rigidity of closed-
set classification. In contrast, the real-world visual world is inherently open-ended,
with an ever-growing collection of categories and concepts that models may
encounter. To address this, the research community has increasingly shifted
toward open-vocabulary segmentation, a setting in which the model is expected to
recognize and localize any category described by the user through free-form text,
without requiring pixel-level annotations for that category at training time.

This section provides a comprehensive overview of the developments in open-
vocabulary semantic segmentation. We begin by discussing vision-language
pre-training, which enables zero-shot recognition by aligning image and text
features in a shared space. We then explore how these representations have been
extended from image-level classification to dense prediction tasks, distinguishing
between fully supervised methods that leverage existing segmentation models,
weakly supervised approaches that rely on noisy image—text pairs, and training-free
strategies that exploit the internal representations of pre-trained models. We further
examine how recent generative architectures, such as Stable Diffusion [266],
contribute to dense multimodal alignment, and how the Segment Anything [154]
family of models has redefined prompt-based segmentation. Together, these
research directions represent the diverse strategies being explored to bridge vision
and language for scalable and flexible segmentation.

Bridging Vision and Language for Open-Vocabulary Segmentation

25



CHAPTER 2. BACKGROUND

2.4.1 Vision-Language Pre-Training

The past few years have seen an increasing interest in vision-language pre-
training, encouraged by the success of Transformer models in modeling natural
language [322] and the availability of web-crawled image—text data containing bil-
lions of samples [104, 276, 275, 281]. In this paradigm, a model learns joint visual
and textual representations by aligning images with their accompanying captions
in a shared embedding space [99, 98, 136, 183, 177, 176, 249, 300, 393, 398].
The most popular and adopted model is CLIP [249], which has been trained on
hundreds of millions of image—text pairs to associate visual content with natural
language descriptions. The training objective of CLIP is based on a dual-stream
contrastive learning approach. The image encoder and text encoder are trained to
produce embeddings that are close together for a matching image—caption pair
and far apart for mismatched pairs. This is achieved via the InfoNCE loss, which
treats the paired caption of each image as the sole positive and all other captions
in the batch as negatives. Formally, for a batch of B image—text pairs with image
features v; and text features ¢;, the contrastive loss can be written as:

B .
. B exp(sim(v;, t;)/7)
InfoNCE — — 5

2B = 7 37 exp(sim(v;, t;)/7)

Zl exp (sim(v;, t;)/T)

iy exp(sim(v, 1) /7).

where sim(v, t) is a similarity (e.g. cosine) between image and text embeddings,
and 7 is a temperature parameter. Intuitively, this loss pushes v; close to its correct
caption ¢; while pushing it away from other non-matching captions, and vice versa.
Through this training, the model learns a multimodal embedding space where
images are positioned near the text that best describes them. A key outcome of
vision—language pre-training is the emergence of zero-shot recognition capabilities.
Because the visual features of the model are learned in alignment with natural
language, it can perform classification by simply comparing the embedding of an
image to the embeddings of candidate category names, provided as text prompts.
In this way, a model trained on certain labeled categories, referred to as seen
classes, can recognize unseen classes at inference time by using their names or
descriptions, without any further fine-tuning.

Following the success of CLIP, several works have explored improvements
in vision-language pre-training. Since image—text pairs from the web can be
noisy, one line of research has focused on data quality, proposing approaches
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for cleaning or enriching the captions [177]. Another direction is to incorporate
auxiliary training objectives alongside the basic contrastive loss, including vision-
to-language generation like captioning [176, 390] and self-supervised learning
objectives [99, 98, 226, 337]. In terms of architectures and training strategies,
notable progress has been made by leveraging pretrained components or modifying
the loss function [317, 393, 398]. In particular, LiT [399] demonstrated that one
can take a high-quality pre-trained vision backbone, like DINO [37], freeze its
weights, and then train a text encoder to align with it on image—text data. This
simple recipe effectively “transfers” the strong visual features into a multimodal
model, achieving superior zero-shot classification accuracy with much less training
cost than training both towers from scratch.

2.4.2 Fully-Supervised Open-Vocabulary Segmentation

The remarkable success of vision-language pre-training in global-level tasks,
such as classification and retrieval, has motivated a shift toward extending these
capabilities to dense prediction tasks, including detection and segmentation [173].
Unlike image-level labels, acquiring pixel-level masks or bounding boxes is
prohibitively expensive and time-consuming [190], requiring human annotators to
precisely draw the regions corresponding to the categories. Thereby, such data is
restricted to closed sets of categories, and, hence, the zero-shot approach, which
investigates how to transfer the learning from the seen available categories to
unseen categories, has gained increasing interest. More recently, the zero-shot
paradigm has been generalized into the open-vocabulary paradigm, in which the
model has to be able to recognize and localize any object category represented
by the user through free-form text at inference time [179, 221, 419]. However,
the data annotation bottleneck in dense predictions makes transferring the vision-
language understanding from the global image level to a fine-grained level a still
open challenge. Indeed, the vision-language pre-training is made on large sets of
images paired with textual descriptions that describe the whole image, lacking
localized supervision.

To overcome this, a dominant line of research exploits the decoupling of
localization and classification. These approaches rely on the observation that
object-centric detection and segmentation models, trained on a closed dataset,
learn the concept of “objectness”, namely what is an entity in the scene, and
hence the proposed class-agnostic boxes and masks are suitable also for categories
which do not belong to the closed set. This idea has been directly adopted by
works, such as ZegFormer [88], ZSSeg [368], and OVSeg [187], that employ a
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two-stage approach, explicitly separating the pipeline into mask generation and
classification steps. These methods utilize an object-centric segmentation model
(e.g., Mask2Former [58]) trained on seen classes to generate a set of binary masks.
In the second stage, the image regions corresponding to these masks are cropped,
masked, and augmented via prompt engineering before being fed into a CLIP
encoder. By treating each mask crop as an independent image, these methods lever-
age the native zero-shot classification power of CLIP to assign open-vocabulary
labels to the proposed segments. However, along with the computational overhead
given by running CLIP on hundreds of mask proposals, these methods suffer from
the domain shift given by running CLIP on small masked crops and do not exploit
the context of the whole image, which may help in recognizing the objects in the
scene [118, 108, 392, 368]. Hence, another line of work accompanies the class-
agnostic mask proposals generated by an object-centric segmentation model by
pooling the mask features directly from a feature map computed on the whole im-
age. In particular, FC-CLIP [392] directly adopts the convolutional CLIP model as
the backbone of Mask2Former to use it to both generate class-agnostic masks and
provide the feature map for mask pooling. Similarly, other works have explored
using the supervision of segmentation data to enable localization capabilities from
CLIP while leveraging its multimodal understanding. SAN [367] introduces a
lightweight side network that runs in parallel to the frozen CLIP model, fusing
its strong semantic features with the high-resolution geometric details learned by
the side branch, while CAT-Seg [61] improves the feature alignment by explicitly
computing a dense cost volume between the image and text embeddings, which is
then refined by a learned aggregation module to resolve spatial ambiguities.

While proposal-based methods effectively leverage pre-trained segmentation
models, they fundamentally rely on a late fusion paradigm: the visual model
generates class-agnostic masks in isolation, and textual alignment occurs only
at the final classification stage. This disconnect prevents the textual prompt
from influencing the proposal generation process, often leading to missed objects
if they were not part of the ones proposed by the class-agnostic regions. To
address this, a parallel line of research explored early fusion architectures, where
textual descriptions condition the visual feature extraction and decoding process
itself [142, 179, 198, 404]. The success of this paradigm paved the way for
universal segmentation frameworks that jointly tackle multiple tasks to maximize
performance, demonstrating that training across these tasks leads to mutual benefits
and robust open-world perception [248, 352, 375, 430, 431].
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2.4.3 Weakly-Supervised Open-Vocabulary Segmentation

Instead of employing external architectures trained on densely annotated data
to combine localization capabilities with the multimodal understanding of CLIP,
a parallel research direction has investigated whether segmentation capabilities
could directly emerge from extensive training on noisy image-text pairs alone.
This paradigm, often referred to as weakly-supervised open-vocabulary segment-
ation and evaluated along with training-free open-vocabulary methods in the
unsupervised setting defined by Cha et al. [39], eliminates the need for expensive
pixel-level annotations. However, since the supervision of the captions is global,
the core challenge lies in learning how to assign specific semantic concepts to
local regions without explicit spatial labels. A first line of work investigates novel
Transformer architectures designed to facilitate the emergence of semantic re-
gions by explicitly grouping image patches during the forward pass through group
tokens [362, 363], learnable center [209], slot attentions [366], online cluster-
ing [196], and prototype-based grouping [402]. This forces the model to aggregate
semantically similar patches into coherent regions that also correspond to the
textual concepts.

While grouping methods modify the architecture, another stream of research
retains standard backbones but modifies the training objective to enforce alignment
at the patch level [39, 227, 255, 351, 384]. The standard CLIP loss aligns the
global classification token with the caption, lacking direct supervision on the patch
embeddings. On the contrary, these methods involve the patch embeddings in the
contrastive loss, aligning the output of a pooling of the patches [255], treating the
patch-text alignment as a multiple-instance learning problem [227], introducing
grounding mechanisms that maximize the similarity between local visual features
and the corresponding nouns in the caption [39, 351, 384], and exploiting multi-
view consistency learning [260]. These approaches are not only used as open-
vocabulary segmentation models, but also lead to building multimodal backbones
with the semantic coherence property introduced in 2.3.1 for DINO.

A more recent direction focuses on this semantic coherence property and
acknowledges that text supervision alone is often too sparse to learn precise object
boundaries [228, 353, 357]. Hence, it introduces the guidance of self-supervision
to improve the localization properties of CLIP. SILC [228] pre-trains the model,
combining the sigmoid contrastive loss of SigL.IP [398] and the self-distillation of
DINO to establish the multimodal understanding on top of semantically coherent
patches. CLIP-DINOiser [357] teaches CLIP to predict the affinity matrix of
DINO (i.e., self-similarities among patches) and uses it to recombine the last

Bridging Vision and Language for Open-Vocabulary Segmentation

29



CHAPTER 2. BACKGROUND

layer patch embeddings. CLIPSelf [353] uses a distillation paradigm in which the
teacher is a frozen CLIP that processes image crops whose classification tokens
are matched with the corresponding pooled patch embeddings of the student.

2.4.4 Training-Free Open-Vocabulary Segmentation

Researchers have begun to question whether open-vocabulary semantic segmenta-
tion capabilities can be directly extracted from the pre-trained CLIP model or by
combining it with other models, such as DINO, which exhibit strong localization
properties, to uncover such capabilities directly [13, 25, 184, 191, 280, 328, 379,
422]. This setting is also referred to as training-free and does not involve any
other training process, but investigates the properties of the currently available
models. A series of works have started investigating whether CLIP truly does
not embed localization capabilities or whether this is a consequence of directly
adopting the output patch embeddings for segmentation. Indeed, it has been ob-
served that the patch embeddings in the last layer of CLIP are spatial invariant,
meaning that the content of the patch embeddings is not related to the spatial
positions that they occupy in the image. This phenomenon can be observed from
the query-key attention scores between the patches themselves, which result in
being similar across patches independently of their location in the image, and the
attention score with the classification token, which results in being larger than the
others [184, 328, 379, 422]. The impact of the classification token regards only the
last layer, which is directly provided to the contrastive loss, but the intermediate
layers preserve local coherence in the attention scores [191, 379]. The pioneering
approach MaskCLIP [422] proposed to directly adopt the value from the last
attention block as output patch embeddings, bypassing the query-key attention,
while following studies replaced this attention with value-value attention [184],
query-query and key-key attention [328], ensembling on multiple self-self atten-
tions [25, 280], query-key attentions from intermediate layers of CLIP [379], or
attention scores from the last layer of another image encoder such as DINO [166].
However, these approaches have been demonstrated to be effective when applied to
the ViT-B model, but encounter a significant drop with the ViT-L. Lan et al. [165]
attribute this effect to the residuals in the last layer, which harm the segmentation
results by adding noise and present a larger norm in the deeper layers of the ViT-L.
Thereby, removing the residuals and the last feed-forward layer has been shown to
improve the segmentation quality [379]. Other than the classification token, large
attention scores harming the semantic coherence of the patch embeddings have
been observed between patches and artifact tokens [13, 280]. In SC-CLIP [13],
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the authors propose to detect and replace these tokens to enhance the performance
of the model.

2.4.5 Stable Diffusion

In recent years, diffusion models have revolutionized image generation with their
ability to produce high-quality images. In particular, Stable Diffusion [266] has
gained enormous interest as a text-to-image model that performs denoising in a
latent space, encoded by a VAE, instead of directly on pixels. This model employs
a U-Net [267] as the denoising network, injecting textual conditioning through
cross-attention layers interleaved with self-attention layers at multiple resolutions.
In each denoising step, the cross-attention mechanism links word embeddings from
the caption to specific regions in the latent image, while self-attention captures
relationships among visual features. This design enables Stable Diffusion to learn
fine-grained correspondences between text and image content during its iterative
training, which involves gradually adding noise to an image and tasking the model
with a conditioning caption to remove it.

Along with outstanding image synthesis capabilities, researchers have investig-
ated whether the internal attention maps of Stable Diffusion can be used to localize
concepts mentioned in the prompt. Tang et al. [304] conduct a deep analysis
of cross-attention distributions in Stable Diffusion, known as DAAM, showing
how different types of words (e.g., nouns and verbs) are attributed to generated
image regions. Based on this, DiffuMask [354] uses the aggregated cross-attention
scores for each token to automatically obtain semantic masks on a set of synthetic
images, effectively generating ground truth masks without human annotation and
enabling the training of traditional segmentation models on them. On the contrary,
GroundedDiffusion [186] exploits the supervision of annotated segmentation data
to learn a grounding mechanism to locate any category during the Stable Diffusion
generation process. These studies confirm that, unlike the global image-text align-
ment of CLIP, the fine-grained multimodal training objective of Stable Diffusion
augments the model with the inherent ability to associate words with specific
visual regions. As discussed in Sec. 2.4.4, zero-shot segmentation limitations
of CLIP stem from its image-level training objective, which provides only weak
spatial supervision at the pixel level. Stable Diffusion, in contrast, was trained
with a localized text-conditioning objective, suggesting its features may be more
suitable for dense predictions. One line of research has thus explored incorporating
Stable Diffusion into segmentation architectures. For instance, ODISE [364] uses
the frozen Stable Diffusion model as a backbone within a Mask2Former-like [58]
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framework, combining its rich latent visual features with a learned mask decoder
to achieve open-vocabulary segmentation.

In parallel, a number of training-free approaches directly exploit internal
representations of Stable Diffusion to perform segmentation without any additional
fine-tuning. CLIPper [298] refines the noisy patch-level predictions of CLIP
with the high-resolution details extracted from the self-attention maps of Stable
Diffusion. DiffSegmenter [332] and iSeg [299] both exploit the attention maps to
delineate objects for arbitrary categories at inference time. In particular, they use
the diffusion cross-attention maps to identify coarse object regions corresponding
to a given text label, and then refine these regions using the self-attention maps
to improve boundary accuracy. MaskDiffusion [148] further pushes this idea
by employing spectral clustering to propose class-agnostic regions from the self-
attention of Stable Diffusion while using the cross-attentions to localize the specific
categories. OVDiff [147] generates a batch of images for a given category via the
diffusion model and then encodes these images into a feature space, using a pre-
trained vision model like CLIP, DINO, and Stable Diffusion itself. Segmentation is
achieved by comparing the features of the target image to these category prototypes,
effectively matching regions of the target image to the generated examples.

Overall, the integration of Stable Diffusion into open-vocabulary segmenta-
tion, whether by utilizing its attention maps or by generating reference samples,
has opened up promising directions. Diffusion models bring fine-grained vis-
ion—language alignment and a virtually unlimited vocabulary learned from web-
scale data, addressing some of the key challenges left by CLIP-based methods.

2.4.6 Segment Anything

The Segment Anything Model (SAM) [154] was introduced as a foundation model
for promptable image segmentation, trained on an unprecedented dataset of over 1
billion masks (SA-1B) to enable strong zero-shot performance. Its architecture
follows a simple design: a powerful image encoder, a ViT pretrained via MAE,
produces a one-time embedding for the image, a prompt encoder encodes user
prompts, such as points, boxes, and masks, and a lightweight mask decoder
combines these to output the segmentation mask. This design allows SAM to
generalize to any object in an image, given the appropriate prompt, returning a
reasonable mask even from ambiguous cues. SAM?2 [258] extends this idea to
video segmentation by introducing hierarchical features and temporal memory.
It replaces the ViT backbone with the hierarchical transformer Hiera [271] to
provide multi-scale feature maps for finer mask detail. More critically, SAM?2 adds
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a memory mechanism to propagate masks across frames by including a memory
encoder and memory bank that store key embeddings from previous frames, and
a memory attention module that lets the features of the current frame attend to
past frames. This streaming memory design enables temporally consistent object
masks even through occlusions or when objects reappear.

Researchers have also begun adapting SAM to specialized segmentation tasks
beyond its original scope, such as personalized segmentation [202, 409], where the
model has to segment the same object indicated in a reference provided by the user,
camouflaged segmentation [49], where objects share similar textures and patterns
with the background, few-shot segmentation [72], where the model is tasked with
learning to segment a category from a given set of references, and medical image
segmentation [424]. A major line of research augments SAM and SAM 2 with
open-vocabulary segmentation abilities, enabling them to segment by category
names rather than just spatial prompts [73, 119, 169, 174, 261, 285, 301, 327, 360].
A straightforward approach is to combine SAM with an open-vocabulary detector.
For instance, Grounded-SAM [261] uses Grounding DINO [199] to generate
bounding boxes for a given text prompt, which SAM then takes as input to
produce the corresponding mask. ESC-Net [169] proposes to fuse features from
CLIP with the SAM decoder by generating pseudo-text prompts from image—text
correlations and feeding them into the mask decoder, so that the output masks are
inherently tied to open-vocabulary classes.

Most recently, SAM3 [35] has been released, which builds multimodal cap-
abilities directly into the model rather than via external adapters. SAM 3 targets
the new task of Promptable Concept Segmentation (PCS), where the goal is to
segment all instances of a given concept in an image or video, based on a prompt
that can be a text phrase, an example image, or both. To achieve this, SAM 3
exploits a Perception Encoder [23] backbone that is shared between image and text
inputs, followed by an early fusion module. The fused features are then passed to
a DETR-like [36] decoder with a set of learned object queries, which produces a
set of object masks along with a novel presence token that indicates whether the
queried concept is present.

2.5 Object-based Embodied Al

While much of the progress in visual representation learning, open-vocabulary
segmentation, and self-supervision has been demonstrated in traditional image
datasets, their advances have been fundamental in enabling intelligent behavior in
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interactive environments. Embodied Al provides a natural and challenging testbed
for this vision: it places an agent with visual perception, language understanding,
and action capabilities inside a simulated or real environment, where it must ground
its decisions in real-time sensor input and respond to complex open-ended goals.
In particular, object-based Embodied Al focuses on tasks where the agent must
reason about specific objects, either through category names, visual references, or
instance-level goals, mirroring the kind of object-centric understanding explored
throughout this dissertation. This setting makes it possible to study how vision
models trained on large-scale, weakly supervised, or self-supervised objectives
transfer to goal-directed navigation and interaction.

In this section, we review two foundational aspects of object-based Embodied
Al: the environments and datasets that define the simulation spaces and task
protocols, and the architectural approaches used to build navigation agents capable
of completing object-centric tasks, from modular pipelines to end-to-end learning
systems.

2.5.1 Object-based Embodied Datasets

A foundational component of Embodied Al research is the availability of high-
fidelity simulation environments and annotated datasets that support reproducible
and scalable experimentation. These platforms provide 3D scenes, realistic physics,
and programmable task definitions, enabling the development and benchmarking
of agents across a range of navigation and manipulation tasks.

Recent years have witnessed the release of several versatile simulators such as
Habitat [245, 274, 303], AI2-THOR [157], RoboTHOR [78], and ProcTHOR [80],
as well as datasets of scenes for robotic navigation like Gibson [282, 358], Matter-
port3D [40], and Habitat-Matterport3D (HM3D) [253]. The evaluation of the cap-
abilities of such agents can be performed on multiple embodied tasks [7, 259, 288]
mimicking different real-world requirements. PointGoal Navigation (PointNav) [6]
requires the agent to reach specific relative coordinates to its starting position. In
object-oriented navigation, the agent is tasked to find any instance of an object
category (ObjectNav) [6, 17], multiple objects in sequence (MultiON) [344], or a
specific instance of a category (ION) [180]. Other embodied navigation tasks are
ImageGoal navigation (ImageNav) [62, 429] that requires the agent to reach the
position where the goal image has been taken, and a more object-oriented formu-
lation of ImageNav called Instance-Specific Image Goal Navigation (Instancelm-
ageNav) [160] that sets as the navigation goal a precise object instance given a
photo of it. Recently, the GOAT-Bench benchmark has been introduced, which
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requires finding sequences of target objects using multimodal references [150].

2.5.2 Object-based Navigation Agents

With benchmarks and datasets in place, a central challenge becomes designing
agents that can complete these tasks: navigating, exploring, and interacting with
the environment based on object-centric goals. Broadly, object-based navigation
agents can be categorized into modular pipelines and end-to-end models, each
offering trade-offs between interpretability, flexibility, and learning capacity.

Modular approaches decompose the problem into structured components, often
including a semantic mapper, an exploration policy, and an object detection module.
Some approaches adapted the architecture proposed by ANS [43] for object goal
navigation by building semantic maps to locate the target [42, 167, 252, 427].
Following, Stubborn [208] proposed a strong baseline using a heuristic exploration
method. In Mod-IIN and GOAT, to tackle the InstancelmageNav task, the keypoint
matching method SuperGlue is employed to match the goal object image with
the current observations of the agent. SuperGlue [273] leverages an attention-
based graph neural network on local descriptors, as the ones extracted with the
SuperPoint model [85]. IEVE [170], instead, proposes an Exploration-Verification-
Exploitation framework that combines a segmentation model and a keypoint
matcher to recognize distant objects and confirm them when the agent is closer.
Among end-to-end methods, Mousavian et al. [225] and Yang et al. [378] worked
on improving visual representations, Mayo et al. [216] used spatial attention maps,
and Ye et al. [381] used auxiliary tasks. Other related work leveraged object
relation graphs [94, 95, 237]. THDA [213], instead, used 3D scans of objects from
YCB dataset [32] to augment the training dataset. Recently, PIRLNav [254] used
a two-stage learning strategy, Chen et al. [53] used a method based on recursive
implicit maps, and OVRL [371, 372] exploited self-supervised visual pretraining
to boost agent capabilities. Additionally, zero-shot object goal navigation has been
recently explored by ZER [4], ZSON [212], and ORION [76].
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Chapter 3

Open-Vocabulary
Segmentation via Prototypes

In Chapter 2, we retraced the evolution of the paradigms and methods of image
segmentation, starting from the localization of the Gestalten, visual homogeneous
units based on low-level cues, to the powerful open-vocabulary semantic segmenta-
tion techniques, capable of segmenting any semantic category provided by the user
in the form of free-form textual prompts. The most straightforward approaches to
obtain such methods fall into revisiting the vision-language pre-trained models,
as support of traditional architectures commonly used for fully-supervised and
closed-set segmentation [88, 187, 352, 368, 392], the employment of diverse ob-
jective functions that enforce learning a multimodal alignment at a fine-grained
level of the image [39, 227, 255, 351, 384], and architectural modifications that
uncover the latent capabilities already embedded in multimodal models trained
with global objectives [13, 25, 184, 191, 280, 328, 379, 422]. However, another
research direction introduced the concept of avoiding the employment of a direct
alignment between the vision encoder and the textual embeddings in favor of
creating visual reference, also referred to as prototypes, associated with the textual
concepts provided by the user [38, 147, 286]. A single textual embedding is often
insufficient to represent the intra-class variability of the semantic categories, while
the visual references enable catching diverse characteristics such as shape, pose,
color, and illumination.

In this Chapter, we introduce a series of open-vocabulary semantic segmenta-
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tion methods based on the retrieval of visual prototypes. In Sec. 3.1, we present
VOCSeg, a method that leverages the weak supervision of the captions regarding
which textual elements can be localized in the corresponding images. Thereby,
such elements can be segmented using another open-vocabulary segmenter to build
a visual vocabulary, a sort of atlas that shows a set of visual references for each
category. A given segment can be classified through its CLIP [249] embedding,
not only employing a visual-textual similarity with the category embeddings, but
also using a visual-visual similarity with the visual references.

The prototype-based paradigm enables equipping the open-vocabulary se-
mantic segmentation functionality in any visual backbone that exhibits semantic
coherence properties. Thereby, in Sec. 3.2 we introduce FOSSIL, a training-free
method that aims at transforming DINOv2 [234] into a vision encoder able to seg-
ment textual concepts through the retrieval of visual prototypes. Such prototypes
are built exploiting the property of Stable Diffusion of localizing the regions of
the generated images that correspond to the nouns in the conditioning captions.
Employing DINOv2 as a multimodal vision encoder is a first step towards the
creation of a universal model capable of performing several vision tasks in paral-
lel. Indeed, we propose OpenCut, a graph-based iterative approach that extends
the previous studies on DINO [37] to generate class-agnostic masks, which are
subsequently assigned to the semantic categories.

Finally, in Sec. 3.3 we present FreeDA, an enhancement of the training-free
framework based on building visual prototypes from the synthetic images gener-
ated by Stable Diffusion. Through the employment of superpixel algorithms to con-
vert the subdivision into patches of DINOvV2 into a more fine-grained pixel-aware
representation, and with the injection of the multimodal contextual understanding
of CLIP, FreeDA demonstrates that, with the use of prototypes, self-supervised
backbones can achieve outstanding performance in open-vocabulary segmentation
while retaining explainability properties.

3.1 VOCSeg

In this Section, we propose VOCSeg, a prototype-based open-vocabulary semantic
segmentation architecture, depicted in Figure 3.9. We augment the two-stage
methods [88, 187, 368], which reformulate the task into dividing the image into
coherent regions and classifying each region, with retrieving references for the
categories from a pre-built visual vocabulary.
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Figure 3.1: Overview of our proposed method, VOCSeg, for two-stage open-
vocabulary semantic segmentation enhanced by visual prototype retrieval.

3.1.1 Method

The architecture of VOCSeg comprises three main components: a mask proposer,
an enhanced CLIP model with retrieval capabilities, and a visual vocabulary. The
mask proposer generates region proposals within the image, while the CLIP model
extracts embeddings for these proposed regions. These embeddings serve as
representations for independent open vocabulary classification of each region.
However, it is essential to consider the domain shift introduced by cropping and
masking regions, as it deviates from the training images of CLIP. To mitigate this
domain shift, we employ the concept of visual prototypes. Firstly, we employ
a two-stage segmentation method on a dataset consisting of image-text pairs to
obtain region proposals for a diverse range of words. These proposals collectively
form the visual vocabulary, which encapsulates the domain shift resulting from
the cropping and masking process. Subsequently, we generate visual prototypes
for each word by clustering the corresponding set of collected regions. These
prototypes serve as representative embeddings within the feature space.

At inference time, we leverage textual category embeddings and retrieved
prototypes for each category. These prototypes reside in the same feature space as
the embeddings and allow the framework to incorporate both textual and visual
similarities using only the CLIP model, avoiding an increase in computational
effort.

3.1.1.1 Prototype Extraction from Image-Caption Pairs
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Figure 3.2: Overview of the approach for collecting region proposals starting from
image-caption pairs and of the clustering process used to generate prototypes.

Collecting a visual vocabulary. In our approach to open-vocabulary segment-
ation, it is crucial to utilize prototypes that capture both the distinctive features
of each category and the domain shift resulting from masking the regions. These
prototypes play a pivotal role in classifying the proposed regions by identifying
visually similar correspondences. However, collecting regions for a large vocabu-
lary represents a challenge, making the use of pre-annotated segmentation datasets
infeasible due to their limited category coverage. To tackle this challenge, we adopt
a self-labeling strategy for constructing an open-vocabulary collection of regions.
This strategy involves extracting regions from a dataset of image-caption pairs,
associating them with a vocabulary based on their corresponding captions, and
subsequently generating prototypes through the clustering of similar embeddings,
as shown in Figure 3.2.

Specifically, we extract nouns from each caption, incorporate them into a
text prompt, and provide them as input to the Text Encoder of a CLIP model.
Subsequently, we obtain mask proposal embeddings using the Image Encoder of
the same CLIP model and match the mask proposals with each noun using their
respective computed embeddings. Although this matching process may introduce
some noise, the presence of the noun in the caption ensures that one of the masks
must be related to the corresponding object. Finally, we singularize the extracted
nouns and store the CLIP embeddings of each match in a visual vocabulary.

Generating prototypes. Finally, we perform a k-means clustering on the set of
collected region embeddings for each noun in the vocabulary to generate a set of
prototypes, represented by the cluster centroids. The k-means algorithm groups
similar features, forming representative prototypes for each noun category. In this
way, we ensure that our prototypes capture a wide range of visual characteristics.
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Handling rare nouns. There are cases where the number of collected embeddings
may not be sufficient to perform k-means clustering effectively, either due to
a limited correspondence in the captions or arbitrary test categories that do not
match entries in the visual vocabulary. For these rare nouns, we employ a k-nearest
neighbors algorithm. This algorithm matches the textual embeddings extracted
using CLIP with the most similar words present in the vocabulary. Subsequently,
we perform k-means clustering on the embeddings of the NV neighbors to generate
prototypes. We increment the value of [V until we have an adequate number of
embeddings to perform the k-means clustering effectively.

3.1.1.2 Two-Stage Open-Vocabulary with Prototype Retrieval

The objective of two-stage open-vocabulary semantic segmentation is to identify a
pair of mappings (S, £) for an input image I € R *Wx3 across Cioy arbitrary
categories. In this task, S partitions [ into a set PP of T regions, defined as follows:

P={pP,}., with P,CIU_ P=1Vij:i#5PNP =0, (3.1)

whereas L assigns a category ¢ € Ciey to each region P; C I, wherei =1,...,T.

Extracting Mask Proposals Embeddings. To obtain class-agnostic mask pro-
posals, we utilize MaskFormer [59]. This model is trained on a set of classes
Clrain, nevertheless, as reported by Xu er al. [368], it can generate T" high-quality
mask proposals {M;}7_ | and their corresponding mask embeddings, even for
unseen classes. Each mask proposal M; € R”*W is converted into a binary mask
MP € 0,17*W by applying a sigmoid function followed by thresholding. The
binary mask indicates the location of the object in the input image.

In the original MaskFormer [59] architecture, the mask embedding is a Cl,in-
dimensional distribution that represents the probability of each training class. To
extend the model to an open-vocabulary setting, inspired by [187, 368], we modify
MaskFormer in such a way that each mask generates an F'-dimensional embedding,
where F' is the embedding dimension of a CLIP model. This adaptation ensures
compatibility between the mask embeddings and the CLIP textual embeddings,
which are extracted from the nouns of various semantic classes, thus enabling
open-vocabulary capabilities. We include an additional F'-dimensional learnable
embedding for no-object.

Further, we also employ the CLIP image encoder to extract an additional set
of embeddings from the proposed regions, which complements the ones generated
for each region by MaskFormer. In particular, for each binary mask M7, we erase
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the unused background, crop around a bounding box that entirely incorporates the
foreground area, and resize to the input resolution of CLIP. Then, the region is fed
to CLIP to produce an embedding that can be used to compute similarity against
the textual category embeddings.

Assigning proposals to classes. For each category in Cly, We retrieve a set
of K reference prototype embeddings from a visual vocabulary. To compute
the final similarities between region proposals and categories, we combine two
terms: one that exploits textual category labels and one that exploits the reference
prototype embeddings. In particular, for each category c; € Cie We extract an
embedding ejT with CLIP using the Textual Encoder, we retrieve a set of prototypes
{ ef k}kzlm K, and for each region P; we extract an embedding e{ with the Image
Encoder of CLIP and an embedding e with MaskFormer. First, we aggregate the
prototype similarities by considering the average of the maximum similarity with
the K prototypes assigned to ¢; and the mean similarity with all of them. This is a
trade-off between considering the nearest reference embedding, which is the most
significant for the current region, and the robustness offered by a single average
embedding representative for the whole concept:

1
P
8ij = 5 max s1m(el,e]k + E sim 61,6Jk (3.2)

where i = 1...7,j = 1...|Ces|, ¥ = 1...K and sim(:,-) is the cosine
similarity.

Then, since both the prototype similarities and the textual similarities are
computed in the same feature space, we fuse them using a linear combination
with weights o and (1 — «). This ensembling strategy rewards the situations
in which the textual and prototype similarities agree, while it penalizes cases of
disagreement. Formally, the resulting aggregated similarity is defined as

5 = asfj + (1 — a) - sim(e!, eJT) (3.3)

The probability vector over classes p is computed through the softmax function
with a temperature 7.

Fusing with MaskFormer predictions. Since MaskFormer is trained on Ci,p,
its performance is biased towards categories belonging to this set. When the object
contained in the region P; is not recognized as a category of Cin, MaskFormer
produces an embedding similar to the no-ob ject embedding. Hence, when the
softmax is applied to its similarities, all the resulting probabilities corresponding
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to the categories of Ciey are small, and the one corresponding to no—object is
large, which is removed after the softmax. So, the final prediction of P; and c;
is obtained through the weighted geometric mean, with weights 5 and (1 — f3),
between the probability p of the visual-text branch and the probability p resulting
from MaskFormer, in such a way that the prediction of MaskFormer is enhanced
only when it is confident about it (i.e., when c; belongs to Cipin t00):

~ ~(1—
pig =7, By . (3.4)
Computing Semantic Segmentation. Finally, mask predictions and probabilities
are aggregated to compute the semantic segmentation. Specifically, the score z;(g)

of a category c; € Cies in a pixel ¢ is computed as the sum of each mask activation
M; multiplied for the corresponding probability p; ;-

T

zi(q) =Y Mi(q)pi ;- 3.5)

i=1

3.1.2 Experiments
3.1.2.1 Experimental Setup

We train the modified MaskFormer model on the COCO-Stuff dataset, according
to [187], with the Swin-B [203] backbone. We follow the original training settings
of MaskFormer [59]. We use the OpenCLIP [133] implementation of CLIP with
ViT-L/14 backbone trained on LAION2B [275]. To embed the category names
with CLIP, we surround them with the text prompts proposed in the original
CLIP [249] and in ViLD [113]. To obtain a diverse set of prototypes, we utilize
COCO Captions [55]. We collect 15,000 unique nouns from the dataset. To extract
binary masks, we apply a threshold of 0.4 after the sigmoid.

3.1.2.2 Ablation Studies

Masking Strategy. We investigate the impact of three different masking strategies
for extracting the regions detected by the mask proposer. In particular, MaskFormer
generates N mask proposals denoted as M; € R?*W _ These proposals indicate
the activation level of each position in the image with respect to the detected region.
In our main pipeline, referred to as binary strategy, we consider the binarized masks
{MB}N . In order to isolate the foreground object and eliminate the potential
interference of surrounding context noise on the open-vocabulary classification
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Table 3.1: Ablation on different mask- Table 3.2: Ablation on similarity en-
ing strategies, in terms of mloU score.  sembling, in terms of mloU score.

Masking Strategy Similarity
Dataset | None Heatmap Binary Dataset | Text Visual Ensembling
ADE-150 | 17.7 17.7 22.5 ADE-150 | 21.0  20.1 22.5
PAS-20 |82.51 85.0 93.4 PAS-20 | 92.6 932 93.4

of the region through CLIP, we erase the background information, keeping solely
the foreground object. However, we also acknowledge that in certain cases, the
background can provide crucial information for accurately recognizing the object.
To address this, we explore two alternative strategies: one in which we crop the
region without erasing the background (which we name none), and one, instead,
in which we attenuate the background by multiplying the image pixels with a
normalized heatmap derived from the originally proposed mask (termed heatmap).
This allows us to retain some contextual information while still emphasizing the
foreground object of interest.

Our experimental results, as reported in Table 3.1, demonstrate that the binary
strategy provides the best mloU scores. We argue that the noise introduced by
the background overwhelms any potential advantage gained from the contextual
information when it comes to clarifying the foreground object.

Ensembling. In our method, we introduce the usage of CLIP for both image-to-text
and image-to-image similarities to leverage their benefits concurrently. In Table
3.2, we present a comparison between the individual usage of these similarities,
as well as their ensembling. The results show a significant improvement of +1.5
mloU on the ADE-150 dataset and +0.2 on the PAS-20 dataset compared to the
baseline that considers only visual similarity. We argue that the reason behind this
observed improvement is the complementary nature of the two types of similarities
provided by CLIP. Image-to-text similarity captures the semantic understanding
of the textual information associated with the images, while image-to-image
similarity focuses on the shared visual content between images.

In Figure 3.3, we present the trend of the mIoU as a function of the ensemble
weight, for both ADE-150 and PAS-20 datasets. Notably, we observe that the
performance trends differ between the two datasets, with ADE-150 performing
better when assigning a larger weight to the text similarity, while PAS-20 performs
better with a larger weight assigned to the visual similarity. We hypothesize that
this discrepancy is influenced by the number of arbitrary categories in (Ciest) and

44

Bridging Vision and Language for Open-Vocabulary Segmentation



CHAPTER 3. OPEN-VOCABULARY SEGMENTATION VIA PROTOTYPES

ADE-150

20.5

01 02 03 04 05 06 07 08 09
Ensembling weight

PAS-20
93.4

93.2

01 02 03 04 05 06 07 08 09
Ensembling weight

Figure 3.3: Ablation on different values of the ensembling weight a.

the quality of the vocabulary employed. Factors such as the number of samples
collected for a specific word, the accuracy of matching regions with words, the
distribution of the embeddings in the feature space, and their representativeness of
the semantic concept all play significant roles. These observations emphasize the
need for an adaptation phase specific to the set of arbitrary classes, by tuning the
value of the ensemble weight to obtain the best performance.

Number of Reference Prototypes. Figure 3.4 illustrates the trend of the mloU
as the number of clusters k in the k-means algorithm increases. We observe that
the mloU reaches its peak at k¥ = 10 for both datasets and shows a tendency to
stabilize as k further increases. The variation in mIoU can be attributed to the
frequency of word occurrences in the captions. We theorize that as & increases,
the noise incorporated in the reference embeddings also increases. On the other
hand, when using a small value of k, the variety of representations offered by

'OpenSeg uses ALIGN as the pre-trained vision-language model instead of CLIP.
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Table 3.3: Comparison with other state-of-the-art two-stage models.

Training Frozen Similarity PAS ADE ADE PC PC

Method Dataset CLIP | Text Visual| 20 150 847 59 459
GroupViT [363] GCC+YFCC v v X 523 - - 224 -
ZegFormer [88] COCO-Stuff-156 v v X 80.7 164 - - -

OpenSeg [136] (R-101) ! | COCO Panoptic X v X 60.0 153 40 369 6.5
ZSSeg [368] (R-101) | COCO-Stuff-171 X v X 884 205 7.0 477 -
OVSeg [187] (R-101) | COCO-Stuff-171 X v X 892 248 7.1 533 11.0

OVSeg [187] (Swin-B) | COCO-Stuff-171 X v X 945 29.6 9.0 557 124
VOCSeg COCO-Stuff-171 v v v 934 225 8.1 473 1038
ADE-150

22.50

22.25

g 22.00

=)
21.75
21.50

0 10 20 30 40 50 60 70 80 90 100
Number of centroids

PAS-20

0 10 20 30 40 50 60 70 80 90 100
Number of centroids

Figure 3.4: Ablation on the number of clusters used in the k-means algorithm.

the vocabulary becomes limited. This limitation hampers the ability to embed
different visual concepts under the same word, leading to decreased performance
in capturing the multitude of nuances in the objects.
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3.1.2.3 Comparison with the State of the Art

We conduct a comparison with the following open-vocabulary architectures:
GroupViT [363], ZegFormer [88], OpenSeg [136], ZSSeg [368], and OVSeg [187].
The results can be observed in Table 4.1. The Similarity column highlights the
uniqueness of our approach in leveraging the similarities between image embed-
dings to bridge the gap between the images used to train CLIP and the regions
extracted in two-stage approaches. Despite introducing a pre-processing step
without additional parameters or fine-tuning CLIP, our method outperforms ZSSeg,
which utilizes learnable tokens in the textual prompts, on both the ADE-150 and
ADE-847 settings by +2 and +1.1 mloU, respectively, and on PAS-20 by 5 mIoU.
It also surpasses OpenSeg on all benchmark datasets, obtaining a +7.2 on ADE-
150, +4.1 on ADE-847, +23.4 on PAS-20, +10.4 on P-59, and +4.3 on P-459.
Furthermore, it outperforms OVSeg with a ResNet-101 backbone on ADE-150
by +4.2 and ADE-847 by +1.0. These architectures achieve high performance
through fine-tuning or learnable tokens on a limited set of annotated segmentation
data, which limits their generalization ability. In contrast, our method provides
comparable results while allowing the extension of the visual vocabulary without
compromising the quality of previously collected prototypes. Moreover, our VOC-
Seg largely outperforms ZegFormer and GroupViT, which operate in the same
setting (i.e., without fine-tuning CLIP). Our best performance is achieved using
k = 10 in the k-means algorithm, N = 10 in the k-nearest neighbors algorithm, o
equal to 0.8, 0.35, 0.2, 0.9, and 0.1 on, respectively, PAS-20, ADE-150, ADE-847,
PAS-59 and PAS-459, and 3 equal to 0.7 on ADE-150 and ADE-847, and 0.6 on
PAS-20, PAS-59, and PAS-459.

3.2 FOSSIL

In this Section, we introduce a training-free pipeline for open-vocabulary semantic
segmentation, named FOSSIL, that creates a synthetic collection of visual ref-
erences from a large set of captions using diffusion models and retrieves the
reference corresponding to the input text to perform prototype-based segmentation.
Along with FOSSIL, we present OpenCut, a mask proposer approach that iterat-
ively bipartitions the features obtained with a self-supervised visual backbone to
produce high-quality masks for both foreground and background regions.
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3.2.1 Method
3.2.1.1 Preliminaries

Task definition. Open-Vocabulary Semantic Segmentation aims at segmenting an
image I € R¥>*W 3 according to a set of arbitrary concepts ¢; € C described by
text. The majority of the other weakly-supervised and training-free approaches [39,
165, 166, 227, 328, 379, 422] tackle the task by associating features extracted
from a visual encoder ®,,(I) : RFTXWx3 _y RH'*XW'XD o those extracted
from a reference encoder ®,.(c;) : R% — RP, exploiting a similarity function
(e.g. cosine similarity), so that visual and textual features are treated as lying in a
shared multi-modal space. However, a single textual embedding is not sufficient
to represent the intra-class variability in the visual appearances of a given concept.
Moreover, individually classifying pixel-level features produces noisy semantic
regions, especially along borders, whose coherence with the underlying visual
object is not guaranteed.

Overview of our approach. To address these weaknesses, we decouple the task
into two phases: grouping pixels into visually coherent regions and associating a
concept from the set C to each region. A region proposer in an open-vocabulary
setting should be able to detect regions based mostly on visual appearance to
maintain a good quality across a large range of concepts. To tackle this challenge,
we introduce OpenCut, which aims to iteratively apply MaskCut [339] by varying
the threshold 7 to accurately detect foreground objects and then the background.

To assign an arbitrary concept to each region, we propose FOSSIL, an archi-
tecture that exploits a collection composed of pairs of synthetic Visual Reference
Embeddings and Retrieval Textual Embeddings that can be retrieved through an
arbitrary textual query and be used to compute similarity against regions in the
unimodal visual space. The synthetic visual references are created by providing
a large set of captions to Stable Diffusion [266] and, for each noun in the cap-
tions, by extracting the corresponding heatmap on the generated image I;. These
heatmaps are binarized to obtain a mask for each noun. The generated image is
processed with the visual encoder ®,, to obtain its dense features, and, for each
word, a region pooling on the corresponding binary mask is performed to produce
a representative Visual Reference Embedding. At the same time, for each noun, a
text encoder ®; is applied on a pre-determined prompt template in which the noun
is inserted, and to the caption. Then, the two resulting feature vectors are linearly
combined to produce the Retrieval Textual Embedding.

At inference time, the set of textual arbitrary concepts is embedded with
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the text encoder ®; and is used to retrieve the /N most similar Textual Retrieval
Embeddings. The corresponding Visual Reference Embeddings are clustered to
obtain a set of K prototypes. The input image is encoded with the visual encoder
®, to obtain its dense features, and a set of region proposals is produced using
OpenCut. Then, for each region, we perform region pooling on the dense features
to create a unique feature vector for that region. Thus, we compute the similarity
between the feature vector and the prototypes to assign the most similar concept
to the pixel covered by that region.

3.2.1.2 Reference Collection Generation

Our objective is to enable a self-supervised visual backbone to perform open-
vocabulary semantic segmentation on an image, given a set of free-form arbitrary
texts. To achieve so, we want to create a collection of pairs composed of a Visual
Reference Embedding, in the backbone space, and a Textual Retrieval Embedding,
in the space of a text encoder, for a vast vocabulary from segmentation data.
These pairs would couple the visual aspect described by the dense features of
the backbone to the corresponding label. However, manually annotated datasets
do not cover a vast set of terms and expressions due to the expensive costs of
annotating. Hence, we propose to exploit a large web-crawled set of captions that
we provide to Stable Diffusion to generate a collection of synthetic images. Thus,
we parse nouns from the captions to extract their corresponding heatmap on the
generated image through the cross-attention mechanism proposed in DAAM [304].
Since these heatmaps often present peaks on particularly significant portions of the
image (e.g., eyes for animals, faces for humans), we apply the sigmoid function
on the values of a heatmap followed by a threshold to flatten it. The resulting
binary mask can be used to compute the average of the dense features covered by
the mask. This produces a Visual Reference Embedding, namely a representative
feature vector for the region corresponding to the parsed noun in the caption.

A straightforward approach to building the Textual Retrieval Embedding would
be to insert the parsed word in some pre-determined prompt templates, encode
them with the text encoder, and compute their average. Nevertheless, this would
allow us to only build Textual Retrieval Embeddings for single words, whereas the
input text can correspond to any textual description. Hence, we propose to combine
the average feature vector of the pre-determined templates with the feature vector
of the entire caption. This method moves the vector corresponding to that word
towards the real context in which it has been found. Finally, we create an efficient
retrieval index on the whole set of collected Textual Retrieval Embeddings.
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3.2.1.3 Prototype Creation

Given an arbitrary text, we embed the same pre-determined templates used when
creating the Textual Retrieval Embeddings using the text encoder to retrieve
the N most similar Textual Retrieval Embeddings using the cosine similarity.
At inference time, we could interpret the corresponding /N Visual Reference
Embeddings as prototypes. However, a low value of N risks to be not sufficient
to represent the concept, whereas a large N would add outliers that diminish the
robustness of the segmentation. So, we cluster the NV Visual Reference Embedding
through K-Means and we consider the resulting K centroids as prototypes to
obtain a trade-off between robustness and representativeness.

3.2.1.4 OpenCut

Open-vocabulary segmentation approaches that only leverage pixel-level similarit-
ies without considering more high-level perspectives can produce noisy segmented
regions, especially along borders. When multiple objects in a scene come close,
indeed, the features along their border embed clues related to multiple semantic
elements. On the other hand, implementing region proposal methods in an open-
vocabulary setting presents significant threats, as generating high-quality masks
for a wide range of concepts requires dense supervision. Following this insight, we
propose an extension of the normalize cut algorithm [284] to provide training-free
mask proposals based on the extraction of dense features from a self-supervised
backbone.
Preliminaries. Given a dense feature map ®, (1) € R *W'*P normalized cut
builds a fully-connected undirected graph in which each feature vector corres-
ponds to a node, and adds an edge between each pair of features with a weight
corresponding to their cosine similarity. A threshold 7 is applied on the resulting
similarity matrix W to obtain W such as

— Jlem® where Wi; < (3.6)

Y where W;; > 7, '

to binarize and enhance similarities scores. Then, the graph is split into two disjoint
graphs by minimizing the energy of the resulting sub-graphs. This operation
corresponds to solving the following generalized eigenvalue system

(D — W)z = A\aD, (3.7)
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and considering the eigenvector x relative to the second smallest eigenvalue
A. In the above equation, D is a diagonal matrix with size N x N and with
D=3 j W; j» while Wis a symmetric matrix with size N x N.

As the resulting eigenvector can be interpreted as a heatmap, we obtain two
complementary binary masks by thresholding the eigenvector on its mean value,
as

3.8)

Y > mean(z)
* 0 otherwise.

Following MaskCut [339], we first heuristically label the binary mask that
contains the patch corresponding to the maximum absolute value in the eigenvector
as the foreground mask. Then, in order to obtain the mask relative to the next
object, we update the weight matrix by setting to zero the features vector of the
nodes corresponding to the current foreground mask and recomputing the weight
matrix. This process is repeated until a maximum of ¢ times to detect multiple
objects. Also, the procedure is stopped when the thresholded weight matrix is
composed of either all 1s or 1e~5s.

OpenCut. The value of the threshold 7 on the weight matrix is determinant in
selecting masks with the norrmalized cut algorithm, and it is strongly correlated
with the structure of the feature space of the visual backbone. Indeed, when
considering DINO [37] as backbone, negative or close to 1 values of 7 tend
to produce masks on background regions rather than foreground objects. In
our proposed OpenCut, we leverage this behavior to extract a set of masks so
that the majority of pixels in the image are covered. To accomplish this, we
iteratively apply the MaskCut algorithm for a set of values of 7, and for each 7
we extract a maximum of ¢ masks. The set of chosen 7 serves to first identify
masks corresponding to foreground objects, refine these masks during iterations,
and finally identify the background masks.

Mask refinement. Since each resulting mask is associated with a bipartition
of the graph, it is not guaranteed that the mask corresponds to a single region
of the image. Hence, we split each binary mask into a mask for each of its
connected components. Components that are composed of a number of pixels
under a threshold 7 are discarded to remove noisy regions. During iterations, for
each new mask, we check whether it does not present an overlap, measured as
Intersection over Union, that is larger than a hyper-parameter ;. with a previous
mask. If so, it is likely that the two masks correspond to the same object but focus
on different parts, and hence we merge them. Moreover, for each new mask, we
check whether its surface is not covered for more than a value p by the union of

Bridging Vision and Language for Open-Vocabulary Segmentation

51



CHAPTER 3. OPEN-VOCABULARY SEGMENTATION VIA PROTOTYPES

the previously extracted masks. If so, we discard the new mask. Then, for each
accepted new mask we remove the pixels that are already covered by previously
extracted masks. These mechanisms allow us to keep only significant masks and
that each pixel is covered by at most a unique mask (i.e., masks are mutually
exclusive). There might be uncovered pixels that require to be handled by the
segmentation model.

3.2.1.5 Inference protocol

Given an image I and a set of arbitrary concepts C described by texts, we extract
the dense features @, (I) of the image through the visual backbone, and a set
of L mutually exclusive binary masks M; € R¥*W | = 1.. L using the
proposed OpenCut approach. Further, we leverage the procedure described in
Section 3.2.1.3 to obtain a set of K visual prototypes for each input text. For a
binary mask M, we upsample it at the resolution H' x W' of the dense features
through bilinear interpolation, and perform a mean-region pooling to construct the
region embedding vg; € RP:

H' w’
21:1 Zj:l Mlijq)(])ij
H w’ :
Zi:l Zj:l Mlij

For a given pixel that is not covered by masks from OpenCut, we consider
the patch that covers it as its corresponding mask, with the dense feature vector
associated with that patch as its region embedding. For each region embedding
VR, We compute the cosine similarity against the K prototypes vpy, k=1... K
of each concept ¢, in C, followed by a sigmoid. Finally, we consider the resulting
similarity between a region and a concept as the ensembling between the mean of
the K similarities against the prototypes and the maximum of them, as follows

K
Zk:l s(vRy, vPK)
K

where 7 is a weighting hyper-parameter.

VR = (3.9)

_ K
8(vr; ca) = (1 =) +ymaxs(vr,vpg),  (3.10)

3.2.2 Experiments
3.2.2.1 Experimental Setup

Implementation Details. For the generation of the Reference Collection, we
use all 5 captions per image from COCO Captions [55], Stable Diffusion [266]
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2.1 base with 50 diffusion steps and a threshold equal to 0.45 to binarize the
heatmaps extracted through DAAM [304]. As visual encoder we use DINOv2
ViT-L/14 [234] on images resized to 518 x 518, producing dense features @, (I) €
R37x37x1024 ' A the text encoder, we use CLIP [249] ViT-L/14 [92] and the set
of 7 prompt templates proposed in [249] for zero-shot classification. For building
the Textual Retrieval Embedding, we adopt a weight equal to 0.9 for the word in
the templates and 0.1 for the caption. For MaskCut, we use the hyperparameters
proposed in [339]: three stages ¢ on images resized to 480 x 480 pixels, keys from
the last attention layer of a DINO [37] ViT-B/8 backbone as dense self-supervised
features, and Conditional Random Field [158] to post-process masks. For mask
refinement during the iterations of OpenCut, we use 71 equal to 16, u equal to 0.8,
and p equal to 0.7. We use the faiss library [139] for both efficient retrieval and
clustering.

Evaluation Protocol. We follow the unsupervised open-vocabulary semantic seg-
mentation evaluation protocol proposed by Cha et al. [39]. We use the class names
from the default version of MMSegmentation [70] without other modifications.
We resize the input image to have a short side of 448 and employ a sliding window
approach with a stride of 224 pixels. We use mean Intersection-over-Union (mloU)
to assess the segmentation performance.

3.2.2.2 Comparison with the State of the Art

In Table 4.1 we compare FOSSIL with prior works under the same evaluation pro-
tocol: GroupViT [363], MaskCLIP [422], ReCo [286], TCL [39], and OVDiff [147].
As can be seen, our proposal largely outperforms the other methods in all settings,
thus confirming the appropriateness of the proposed strategies. Noticeably, our
training-free approach outperforms the performances of approaches that employ
larger support datasets and which employ extensive training data.

When comparing across different datasets, we observe a larger margin of
improvement on COCOStuff and ADE, respectively, of 5.2 and 3.9 mloU points.
Noticeably, these two datasets are the ones with the largest number of classes,
respectively 171 and 150, thus underlying the ability of FOSSIL when dealing
with a higher number of semantic classes. Further, this also shows that our method
is able to maintain excellent recognition abilities when the number of prototypes
in the visual backbone space grows.

Overall, our results show that the contribution provided by the ability to
localize concepts generated with Stable Diffusion through DAAM to extract
representative dense features largely compensates for the domain shift introduced
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Figure 3.5: Ablation study on the three inference hyper-parameters IV, K and v on
ADE. We test each parameter starting from our best configuration, with N = 150,
K =10and v = 0.5.
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Table 3.5: Ablation on different visual backbones considering our best configura-
tion on ADE, in terms of mloU score.

Visual Backbone Architecture ADE

MAE [122] ViT-L/14 2.0
DINO [37] ViT-B/8 12.0
DINOV2 [234] ViT-L/14 18.8

between synthetic and real images, also due to the high quality reached by diffusion
models. Hence, this research direction is proving to be more promising than
learning a pixel-level alignment from real images which do not provide locality
information for a large vocabulary.

3.2.2.3 Ablation Studies

After comparing with other state-of-the-art approaches, we also provide two
ablation studies, so as to assess the role of different components of our approach.
In particular, we investigate the role of the visual backbone selection and the
sensitivity to hyperparameters.

Visual Backbone choice. As the proposed approach is backbone-agnostic, any
self-supervised backbone can be employed to build visual prototypes and extract
dense features at inference time. To showcase this, and prove the effectiveness
of different self-supervised backbones, in Table 3.5 we report an ablation study
on performance obtained on the ADE benchmark with three different backbones:
MAE ViT-L/14 [122], DINO ViT-B/8 [37] and DINOv2 ViT-L/14 [234].

As it can be observed, MAE presents a considerably lower performance with
respect to the other two backbones, confirming the appropriateness of employing
DINO-based backbones. We hypothesize that this is due to the fact that features
learned with MAEs have limited semantic coherence when encoding the same
concept across different images. When comparing the two considered DINO-based
backbones, instead, we notice that DINOv2 largely outperforms DINO, due to
a larger architecture (ViT-L/14 instead of ViT-B/8) and to its improved training
strategy (as reported in [234]). In the following, we will consider DINOv2 for all
the other experiments.

Hyperparameter choice. While being training-free, our approach relies on three
main hyperparameters. Depending on the visual context and the distribution of
classes to be detected, these can significantly influence the inference performance
and therefore require to be accurately tuned. In particular, these are as follows:
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Benchmark # classes N K ¥

vocC 20 90 1 -
Context 59 70 10 0.7
COCOStuff 171 95 25 0.5
ADE 150 150 10 0.5
Cityscapes 19 95 30 0.55

Table 3.6: Our best configurations of the hyper-parameters when evaluating each
of the 5 benchmarks.

* the number of Textual Retrieval Embedding and Visual Reference Embed-
ding pairs that are retrieved for each arbitrary concept (IV);

 the number of visual prototypes obtained as centroids of the K-Means
algorithm, applied on the retrieved Visual Reference Embeddings (K);

* the weight attributed to the maximum of the similarities against the set
of prototypes of an arbitrary concept, with respect to the mean on that
similarities, when computing the concept assigned to a region (7).

To show that different hyperparameter values can be chosen to obtain a better
performance, in Table 3.6 we report the best configurations obtained on each
benchmark. While we did not observe a clear relation between these hyper-
parameters and the raw number of classes in a dataset, we hypothesize that their
optimal values depend also on other factors, such as the semantic relation in the set
of classes and their semantic variance. For instance, in Cityscapes, where classes
belong to the urban street domain, a large value of v may lead to assigning outliers
introduced during the creation of the Reference Collection, thus resulting in better
performance.

Moreover, in Figure 3.5 we report an ablation study about hyper-parameters N,
K, and «y on the ADE benchmark. We vary each parameter one at a time starting
from the best configuration. We observe that the parameter that influences per-
formance the most is IV, in particular for low values that represent an insufficient
amount of references to capture the variance in visual appearances for that class.

3.2.2.4 Qualitative results

To complement our evaluation, in Figure 4.3 we provide a qualitative visualization
of the segmentation masks obtained by FOSSIL, on images from the ADE dataset.
Here, we also ablate our approach by removing the OpenCut mask proposals and
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Original Image Ground Truth FOSSIL w/o OpenCut FOSSIL with OpenCut

Figure 3.6: Qualitative results, comparing FOSSIL with and without the OpenCut
component.

comparing them with our full pipeline, to showcase the role of OpenCut in the
final segmentation quality. We firstly observe that FOSSIL is capable of properly
segmenting all objects on the scene, assigning them to the correct semantic class,
and providing curated segmentation masks that properly align with ground-truth
borders. Further, comparing the last two columns of the Figure, the role of the
OpenCut component can be clearly observed. As it can be seen, indeed, the mask
proposals provided by OpenCut have a high degree of quality, and their adoption
results in a cleaner and significantly less noisy result.

3.3 FreeDA

In this Section, we introduce FreeDA, a training-free method for open-vocabulary
semantic segmentation based on the generation of context-aware textual-visual
reference embeddings through diffusion models. These embeddings are re-
trieved in the inference pipeline that, leveraging the semantic correspondence
of DINOv2 [234], superpixel algorithms, and a combination of local and global
similarities, achieves precise and robust segmentation prediction, as shown in
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Ground Truth TCL

FreeDA (ours)

Figure 3.7: Open-vocabulary segmentation with: (a) TCL [39], which performs
end-to-end learning of region-text alignment; (b) our FreeDA, which leverages
generated textual-visual embeddings with global-local similarities and does not
require any training.

Fig. 3.7.

3.3.1 Method

In FreeDA, we decouple the open-vocabulary semantic segmentation task into
two phases: a diffusion-augmented prototype generation phase, which is carried
out in an offline manner (visually represented in Figure 3.8), and a semantic
correspondence-based inference stage, which is employed at test time to perform
prediction over an input image. This second stage is visually depicted in Figure 3.9.

3.3.1.1 Diffusion-Augmented Prototype Generation

During the pre-processing phase, we collect a large set of visual prototypes and
corresponding textual key embedding vectors, which describe semantic instances
along with their textual and visual contexts. A textual key represents a semantic
category and its textual context as described in a caption. A visual prototype,
instead, describes an instance of that semantic category contextualized in an image.
Collections of prototypes belonging to the same semantic class, thus, represent
examples of the visual variety of that class.
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A person and a boat
under a tree at the lake
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Localizer

Diffusion Mod

Region Pooling ]

Visual Prototypes

Figure 3.8: Overview of the diffusion-augmented prototype generation phase of
FreeDA. Visual prototypes are generated by pooling self-supervised visual features
on weak localization masks extracted from Stable Diffusion.

Extracting Localized Masks with Diffusion Models. As prototypes will be
employed to predict semantic classes in a non-parametric way, it is crucial to
build a large collection of prototypes with high semantic variance. To this aim,
we follow FOSSIL (Sec. 3.2), and we generate a large set of real-world scenes
using Stable Diffusion [266] starting from a large set of captions. Generating
images rather than collecting real images from web-scale datasets allows us to
control the resulting semantic distribution and its variance. Most importantly, also,
latent-based diffusion models can predict the location of objects in the generated
scene [304].

Diffusion models, indeed, map word embeddings of the conditioning text to
the activations of their denoising subnetwork (e.g., U-Net [266, 267]) through
cross-attention layers applied at different scales. Cross-attention activations, there-
fore, relate each word of the conditioning caption to a portion of the image and
can be employed to generate weak localization masks. As each layer of the de-
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class-1
class-2

cuP &

Global & Local Visual Features Extraction Text-Guided Prototypes Retrieval
Text Encoder :
class-N

Ensembling
i CLIP
Visual Encoder|
T
\
= . |

Similarities
Superpixel = =
uE
D - -
o oos [l

DINO Region I’hlj
Visual Encoder| Pooling

Figure 3.9: Overview of the inference process in FreeDA. Local (region-level) and
global similarities are computed by employing, respectively, visual self-supervised
and multimodal contrastive embedding spaces, and by comparing them with input
texts and prototypes, built during the off-line stage.

noising network produces cross-attention maps at a different scale, we upscale
all intermediate maps at the original image size. Then, we collapse across heads,
layers, and diffusion time steps to obtain a single object mask.

Formally, the attribution map of a word w from the conditioning caption over
a generated image I is expressed as

A(l,w) = TLH;Lupsample(.A(I JW)eLn), (3.11)

where A(I, w) indicates the collection of cross-attention maps with respect to the
tokens of word w, and ¢, [, and h index diffusion time steps, denoising layers, cross-
attention heads respectively. Finally, usample(-) denotes a bilinear interpolation
operator.

With the aforementioned approach for building localized masks, we employ
a set of captions, designed to describe real images, to condition Stable Diffu-
sion [266] and generate the corresponding set of synthetic images. Through a noun
parser [205], from each caption we also extract mentioned nouns {wq, ..., wx}
and obtain their corresponding attribution maps A(I,w;) € R¥*W over the
generated image. Then, we normalize the scores of the attribution maps in the
range [—1, 1], apply a sigmoid function, and binarize the result by thresholding
it to a constant value . The output of this process is a weak localization mask
M(I,w;) € {0,1}7*W for each noun w; mentioned in the input caption.

Visual Prototypes Extraction. To encode the content of the aforementioned weak
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localization masks, we adopt DINOv2 [234], which showcases good localization
and semantic matching capabilities. Given a generated image I € RF*"W 3 we
extract its dense features v(I) € R 7 %% % where P is the input patch size of
the backbone and d,, is the dimensionality of its embedding space. For every noun
w; in the sentence, we interpolate the weak localization mask M (I, w;) to the
size of the dense features, obtaining a resized version of the localization mask
M (I,w;) € R 7 *% . Then, we perform a region pooling operation to aggregate
visual features over the localization mask, as follows:

ol y) — Steo Db vl ()]

S S NI, w,) [y )

where square brackets indicate indexing over spatial axes. The resulting vector
p(I,w;) € RPv is the visual prototype for the noun w; extracted from the in-
put image I, and is defined as the mean of the dense features covered by the
corresponding binary mask. Prototypes built with this approach embed a visual
descriptor of the corresponding word localized in a synthetic context, obtained
from a real description.

Textual Keys Extraction. In addition to representing visual prototypes, we
employ a text encoder to represent nouns in their lexical context. To this aim, we
define a set of textual templates 7 (e.g., A photo of a [NOUN]), and embed
each noun in all templates. This results in a textual embedding for each template,
ti(w) € RPt i = 1...,T, where T is the number of templates. We define
t(w) = M as the mean noun embedding, and then linearly interpolate
with the full caption embedding ¢ to also capture the global context of the entire
scene. Specifically, the resulting textual key vector k(c, w) for a word w taken
from a caption c is then defined as

k(c,w) = at(w) + (1 — )¢, (3.13)

where « € (0, 1) is a scalar weight. Similar to prototypes, keys obtained through
this process represent nouns contextualized in the caption in which they have been
extracted. As each textual key is associated with a visual prototype, the set of
textual keys extracted from a dataset can be indexed via an approximate nearest
neighbor search to efficiently retrieve visual prototypes given a textual query.
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3.3.1.2 Training-Free Mask Prediction

At inference time, our goal is to query the keys of the pre-built collection index
to retrieve their corresponding prototypes. Then, we employ these prototypes as
references to segment the input image through semantic correspondence with both
local and global features.

Retrieving Prototypes. Given a set of textual categories {c1, . . ., cs }, we consider
the same set of templates 7 employed during textual keys computation and embed
T
each category as i(c;) = M, where ¢;(c;) is the text embedding of a
template applied on a category. For each category c;, we leverage (c;) to query
the key embeddings of the pre-built collection index and retrieve the K most
similar ones according to cosine similarity. Each key embedding corresponds to
the combination of the text embeddings of both a noun and the caption in which
the noun is mentioned, and is uniquely linked with a visual prototype. Hence,
we compute a representative visual prototype for each category as the mean of
retrieved prototypes. Formally,

K
o) = &=t 2 (3.14)

where {p;x }1-_, is the set of retrieved prototypes for the given category c;.

Superpixel-based Local Regions. Once a visual representation of a class has
been obtained through the aforementioned procedure, a straightforward solution
to predict a segmentation mask for an image I would be computing the semantic
correspondences (i.e., cosine similarities) for each of its dense feature v(I) against
the representative prototypes of input categories p({,¢;), ¢ = 1,...,5, and
interpolate the result to the original image size. However, such an approach would
lead to noisy segmentation masks.

In particular, it has been observed that DINOv2 shows good matching prop-
erties across objects from different images, but lacks in recognizing shapes and
boundaries [406]. Hence, we propose to exploit a superpixel algorithm (i.e., the
Felzenszwalb’s algorithm [102]) to partition the image by grouping pixels into
class-agnostic non-overlapping regions according to their visual appearances and
positions.

Each superpixel can be interpreted as a binary mask R € {0, 1}7*W that is
active on pixels belonging to it. Similar to the construction of visual prototypes,
we interpolate each superpixel at the size of the dense features and perform a
region pooling stage as defined in Eq. 3.12 to produce superpixel embeddings
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ri € RPv i =1,... |R|. Then, for each superpixel embedding, we compute
the cosine similarity against the representative prototypes of the categories. We
associate each pixel with the unique region that includes it and we refer to this
similarity in the unimodal space of the visual backbone as local similarity.

Combining Local and Global Similarities. While retrieved prototypes are linked
with text, their feature vectors show good local matching properties but weaker
global semantic capabilities. As correctly classifying pixels from a semantic point
of view is crucial in segmentation, we propose to combine the local similarities
obtained at the superpixel level with a global similarity measure which refers to the
entire image. We compute this in the multimodal space of a vision-language model
(i.e., CLIP [249]), which instead has good semantic classification capabilities.

Specifically, we embed the input image using the image encoder of CLIP to
produce an image embedding i(I) € RP¢. Then, we compute cosine similarit-
ies between the image embedding and all the category embeddings #(c;), i =
1,...,cs. Finally, we combine this global similarity with the single local similar-
ities associated with class-agnostic regions. The final similarity between a local
region and a semantic class is therefore computed as

S(Tj7 Ci) = ﬂl(?‘j7 CZ'> + (1 — ﬂ)g([, Ci), (315)

where r; indicates the local region, c; the semantic class, and I the input image.
Further, [(;, ¢;) is the local similarity between the region of interest and the class,
and g(I, ¢;) is the global similarity extracted from CLIP space. To obtain the final
segmentation mask, each region is then associated with the semantic class with
the highest similarity.

3.3.2 Experiments
3.3.2.1 Experimental Setup

Datasets. We evaluate FreeDA on the validation splits of Pascal VOC 2012 [97],
Pascal Context [224], COCO Stuff [31], Cityscapes [71], and ADE20K [420, 421].
In addition to these datasets, for which we do not consider pixels not belonging
to any category, we also validate our method when considering them as part of
an additional “unknown” class (also referred to as “background” class in the
literature). For these experiments, we again employ Pascal VOC 2012 and Pascal
Context, and also include the COCO Objects dataset [31], which is a variant of
COCO-Stuff with 80 foreground categories on the same validation split. To assess
the segmentation performance, we employ the mean Intersection-over-Union
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(mloU) on all the classes of each dataset. As in FOSSIL, we follow the unified
evaluation protocol for unsupervised open-vocabulary semantic segmentation
established by Cha ef al. [39]. Specifically, we evaluate the model considering
the class names from the default version of the MMSegmentat ion toolbox. We
resize the images to have a shorter side equal to 448 and employ a sliding window
approach with a stride of 224 pixels.

Implementation Details. Textual sentences used as input in our diffusion-
augmented prototype generation pipeline are taken from the COCO Captions
dataset [55, 190]. We consider all five captions available for each image, thus
obtaining a large set of captions describing natural images that can be used as
input for a diffusion-based generative architecture. It is worth noting that we do
not utilize the images associated with these captions. To generate the collection of
visual prototypes, we employ Stable Diffusion v2.1 [266] with 50 diffusion steps
and a threshold ~ equal to 0.45. The scalar weight « that combines the mean noun
embeddings and caption embeddings to form keys is equal to 0.9.

We use DINOvV2 [234] pre-trained on the LVD-142M dataset as the self-
supervised visual backbone, using both the ViT-B/14 and the ViT/L-14 versions,
with an input image size of 518 x 518. This leads to dense features with size
corresponding to 37 x 37. We also employ CLIP [249] as the multimodal encoder
using the original OpenAl weights, on top of the ViT-B/16 and ViT-L/14 architec-
tures. We use the same CLIP model for both key embeddings and global similarity
computation, so that (i) we embed the arbitrary categories at inference time just
one time and (ii) we do not need to load two different text encoders into memory.

To extract superpixels, we use the Felzenszwalb’s algorithm [102]. We build
and leverage an efficient exact retrieval index through the faiss library [139]
based on cosine similarity. We consider the number of retrieved prototypes K
equal to 350 for all datasets and the ensembling weight 3 between local and global
similarities equal to 0.8 for all benchmarks except for Pascal VOC for which we
use ( equal to 0.7.

Textual Templates. To encode through the CLIP text encoder both the nouns
extracted during prototype generation and the input categories utilized at inference
time, we employ the following set of templates 7, introduced in [249]:

itap of a {}.

a bad photo of the {}.
a origami {}.

a photo of the large {}.
a {} in a video game.
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Parameters (M) Similarity mloU

Model PAMR Dataset Total Trainable  Textual Visual voC Context Stuff Cityscapes ADE
ReCo [286] X ImageNet1k* 313.0 0.0 X v 5717 223 14.8 21.1 11.2
GroupViT [363] X CC12M+RedCaps* 55.8 55.8 v X 79.7 234 153 11.1 9.2
MaskCLIP [422] X - 291.0 0.0 v X 74.9 26.4 16.4 12.6 9.8
TCL [39] X CC3M+CCI2M* 178.3 21.7 v X 71.5 30.3 19.6 23.1 14.9
OVDiff [147] X - 1,226.4 0.0 X v 81.7 33.7 - - 14.9
MaskCLIP [422] v - 291.0 0.0 v X 72.1 253 15.1 11.2 9.0
ReCo [286] v ImageNet1k* 313.0 0.0 X v 62.4 24.7 16.3 22.8 12.4
GroupViT [363] v CC12M+YFCC* 55.8 55.8 v X 81.5 23.8 15.4 11.6 9.4
TCL [39] v CC3M+CCI2M* 178.3 21.7 v X 83.2 339 22.4 24.0 17.1
FreeDA (ViT-B) X COCO Captions* 236.1 0.0 X v 85.6 (+2.4) 43.1 (+9.2) 27.8 (+5.4) 36.7 (+12.7) 22.4 (+5.3)
FreeDA (ViT-L) X COCO Captions* 732.0 0.0 X v 87.9 (+4.7) 43.5 (+9.6) 28.8 (+6.4) 36.7 (+12.7) 23.2 (+6.1)

Table 3.7: Comparison with state-of-the-art unsupervised open-vocabulary semantic segmentation models on Pascal
VOC [97], Pascal Context [224], COCO Stuff [31], Cityscapes [71], and ADE20K [420, 421], without considering

the unknown category. The markers ¢ and s refer, respectively, to datasets used for training and support only.
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art of the {}.
a photo of the small {}.

As discussed in [249], these templates provide a powerful means of contextualizing
textual input, making them particularly well-suited for our application in the
context of prototype generation and inference.

Prototypes generation. The foundation of our prototype generation lies in the
utilization of a dataset of images paired with captions. To ensure the reproducibility
of our results, we detail the negative prompts employed during the generation
of images with Stable Diffusion in Table 3.8. These negative prompts play a
crucial role in guiding the generation process, aiming to produce prototypes that
are realistic and high-quality. The prototypes generation is performed offline and
requires around 5.2 sec for each COCO caption. During inference, computing a
category embedding and performing prototypes retrieval takes around 10.8 ms and
12.9 ms for the Base and Large versions of FreeDA.

3.3.2.2 Comparison with the State of the Art

We first compare FreeDA with recent state-of-the-art approaches for unsupervised
open-vocabulary semantic segmentation. Table 4.1 shows the results on the five
benchmarks without the unknown category (i.e., Pascal VOC, Pascal Context,
COCO Stuff, Cityscapes, and ADE20K). We report the performance of two
variants of our approach: one based on DINOv2 ViT-B/14 and CLIP ViT-B/16,
and the other based on DINOv2 ViT-L/14 and CLIP ViT-L/14, respectively denoted
as FreeDA (ViT-B) and FreeDA (ViT-L). For this comparison, since the usage
of superpixels to improve the adherence of predictions on the image can be
interpreted as a mask refinement step, we also report the performance of the
considered competitors when using the Pixel-Adaptive Mask Refinement (PAMR)
proposed in [9] to refine the final predictions. As it can be seen, both variants of
our solution achieve the best results on all datasets, surpassing all the competitors
by a consistent margin. Specifically, when comparing with methods without
PAMR, FreeDA achieves an average improvement of 10.0 and 10.9 mIoU points
with respect to TCL [39], respectively, for the ViT-B and ViT-L variants. This
performance improvement is confirmed also when comparing FreeDA with PAMR-
based approaches, leading to an average increase of 7.0 and 7.9 mloU points
compared to the best-performing method.

In Table 3.9, we instead report the results on the three segmentation datasets,
namely Pascal VOC, Pascal Context, and COCO Object, used to validate the effect-
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3d abstract art
asymmetric bad anatomy bad art

bad proportions blurry canvas frame
cartoon cartoonish cgi

cloned face colorless computer graphic
cropped cut off deformed
dehydrated digital digital art
disfigured doll duplicate
error extra arms extra fingers
extra legs extra limbs fused fingers
Sfuzzy grainy graphic

gross proportions  inaccurate Jjpeg artifacts
long neck low quality low-resolution
lowres malformed limbs misshaped
missing arms missing legs morbid
mutant mutated mutated hands
mutation mutilated octane

out of focus out of frame oversaturated
photoshop poorly drawn face  poorly drawn hands
render retro signature

text too many fingers ugly

unreal unreal engine unrealistic
username video game watermark
weird colors worst quality

Table 3.8: Negative prompts employed in Stable Diffusion during prototypes
generation.

iveness of segmentation methods when also considering the additional “unknown”
category. Following [363], we apply a threshold on the final similarities to detect
pixels that do not belong to any of the provided input categories. In particular, we
apply the threshold on the similarity values obtained after ensembling local and
global similarities. For this experiment, we restrict the comparison to methods
that do not employ specific techniques to take into account the background of the
scene, but instead perform thresholding, as done in our case. Notably, FreeDA
achieves the best results on all three benchmarks, surpassing both methods that do
not employ any mask refinement stages and approaches that instead refine their
predictions using PAMR [9]. In particular, FreeDA reaches 55.4, 38.3, and 37.4
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mloU

Model PAMR  Training Dataset vOoC Context  Object
GroupViT [363] - CC12M+RedCaps 50.4 18.7 275
MaskCLIP [422] - 38.8 23.6 20.6
ReCo [286] - - 25.1 19.9 15.7
ViewCo [260] - CCI12M+YFCC 52.4 23.0 23.5
SegCLIP [209] - CC3M+COCO Captions ~ 52.6 247 26.5
TCL [39] - CC3M+CC12M 51.2 243 30.4
OVSegmentor [366] - CC4M 53.8 20.4 25.1
GroupViT [363] v CCI12M+YFCC 51.1 19.0 279
MaskCLIP [422] v - 37.2 22.6 18.9
TCL [39] 4 CC3M+CCI2M 55.0 30.4 31.6
FreeDA (ViT-L) - - 55.4 (+0.4) 38.3 (+7.9) 37.4 (+5.8)

Table 3.9: Comparison with state-of-the-art unsupervised open-vocabulary se-
mantic segmentation models on the validation sets of Pascal VOC [97], Pascal
Context [224], and COCO Object [31], when considering the additional unknown
category.

mloU points respectively on Pascal VOC, Pascal Context, and COCO Object,
which correspond to an improvement of 0.4, 7.9, and 5.8 points with respect to the
best method (i.e., TCL [39] using PAMR as mask refinement technique).

These results highlight the effectiveness of our solution, which, despite being
completely training-free, achieves a new state of the art for unsupervised open-
vocabulary semantic segmentation on all eight considered benchmarks. Some
qualitative results are shown in Figure 4.3.

3.3.2.3 Ablation Studies and Analyses

We then evaluate the contribution of each component employed in our final solution
and the effectiveness of different backbones to extract visual and textual features.

Effect of Changing the Visual Backbone. We first consider the performance of
our approach when using different visual backbones to compute local similarities.
In particular, we evaluate DeiT-III [314] pre-trained for image classification on
ImageNetlk and based on ViT-L/16, CLIP [249] in both its ViT-B/16 and ViT-
L/14 versions, DINO [37] based on the ViT-B/16 architecture, and our final choice
DINOvV2 [234] using both the variant based on ViT-B/14 and the one based on
ViT-L/14. Given that different input and patch sizes can lead to different output
feature sizes, we resize all images to 518 x 518 when using visual backbones with
a patch size of 14 and 592 x 592 when employing visual backbones with a patch
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mloU

Backbone Global Similarity Superpixels VOC Cityscapes ADE
CLIP (ViT-B/16) X X 61.3 21.3 134
DINO (ViT-B/16) X X 342 26.0 9.5

DINOV2 (ViT-B/14) X X 75.6 34.4 20.7
DeiT-1II (ViT-L/16) X X 54.8 21.8 114
CLIP (ViT-L/14) X X 45.9 20.0 114
DINOV2 (ViT-L/14) X X 70.2 332 19.5
DINO (ViT-B/16) 4 X 80.4 27.8 16.5
DINOV2 (ViT-B/14) v X 86.2 35.0 21.9
DINOV2 (ViT-L/14) 4 X 87.2 345 21.6
DINO (ViT-B/16) v v 81.1 29.8 17.3
DINOV2 (ViT-B/14) v v 87.0 36.6 23.2
DINOV2 (ViT-L/14) 4 v 87.9 36.7 23.2

Table 3.10: Ablation study results using different visual backbones and validating
the contribution of the key components of our solution. Results are reported on
the validation sets of Pascal VOC [97], Cityscapes [71], and ADE20K [420, 421].

mloU
Local Backbone Textual/Global Backbone VOC Cityscapes ADE
DINO (ViT-B/16) CLIP (ViT-B/16) 80.8 30.6 17.0
DINOV2 (ViT-B/14) CLIP (ViT-B/16) 85.6 36.7 22.4
DINOV2 (ViT-L/14) CLIP (ViT-B/16) 86.9 36.3 223
DINOV2 (ViT-L/14) CLIP (ViT-L/14) 87.9 36.7 23.2

Table 3.11: Performance analysis when employing visual and textual backbones
of different sizes.

size of 16, thus always having features with a spatial size equal to 37 x 37. To
validate only the role of different visual backbones, we apply them without global
similarities and without superpixels to extract mask proposals. When considering
the variant without superpixels, we directly compute the local similarities on the
dense features, and we interpolate them to the original image size.

Results are reported in the upper part of Table 3.10, using the CLIP ViT-L/14
model to extract textual features. As it can be noticed, DINOv2 exhibits the best
performance among both architectures based on ViT-B and ViT-L, confirming the
power of self-supervised features in this setting.

Adding Global Similarities and Superpixels. To evaluate the contribution of
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Image Ground Truth w/o Glob. Sim. & Sup. w/o Sup.

FreeDA (ours)

Figure 3.10: Qualitative results of FreeDA in comparison with TCL [39], with and
without global similarities and superpixels.

global features and superpixel-based mask proposals, we report in the lower part
of Table 3.10 the performance of FreeDA first adding only global similarities and
then also including superpixels to extract mask proposals. Both strategies give a
consistent contribution to the final performance, also when considering different
visual backbones to compute local similarities. For example, when using DINOv2,
global features bring an improvement of 0.9 mloU points on the ADE20K dataset,
while superpixels further enhance the final performance by an additional 1.6 mIoU
points. Additionally, it is worth noting that the contribution of global similarities
is more significant in Pascal VOC, where images are characterized by the presence
of a single or a few objects occupying large areas of the scene, thus favoring global
features instead of local ones.

Impact of Backbone Size. In Table 3.11, we investigate how much using a
ViT-Large architecture to extract both visual and textual features increases the per-
formance compared to a ViT-Base model. As also demonstrated by the complete
results of the two variants of FreeDA reported in Table 4.1, this corresponds to
around 2.3 mloU points on Pascal VOC when employing DINOV2 to extract local
features, while obtaining similar performance on Cityscapes and ADE20K.

Superpixel Algorithms and Prototype Aggregation Strategies. In Table 4.4,
we instead validate the choice of employing Felzenszwalb’s algorithm [102] to
extract superpixels by comparing it with three widely adopted superpixel proposal
algorithms, namely Watershed [129], SLIC [2], and SEEDS [319]. While differ-
ent versions of superpixel algorithms lead to similar performance, the usage of
Felzenszwalb’s algorithm helps to further improve the results on all three datasets
considered. In addition to comparing different superpixel extraction strategies, we
also include the results obtained using PAMR [9] as a mask refinement method.
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mloU
Model Superpixels VOC Cityscapes ADE
w/ mean embedding (PAMR) - 87.0 344 23.0
w/ mean embedding Watershed 87.0 32.7 21.8
w/ mean embedding SLIC 87.3 33.5 21.8
w/ mean embedding SEEDS 87.5 323 224
w/ mean similarity Felzenszwalb ~ 79.5 29.3 18.8
w/ max similarity Felzenszwalb ~ 82.0 26.2 17.6

FreeDA (w/ mean embedding) Felzenszwalb  87.9 36.7 23.2

Table 3.12: Performance analysis using different algorithms to compute super-
pixels and different prototypes aggregation strategies.

For this experiment, we first compute local similarities for dense features and
ensemble them with the global similarity, then we apply PAMR to refine the
resulting segmentation masks. Notably, employing superpixels to extract mask
proposals leads to improved final results.

To validate the aggregation strategy used in FreeDA, in which we aggregate
retrieved prototypes by computing their average embedding (i.e., “mean embed-
ding” in Table 4.4), we compare it with two different approaches based on first
computing local similarities for all retrieved prototypes and then aggregating them
by considering the mean or the maximum (i.e., “mean similarity” and “max simil-
arity””). Computing the average embedding of all retrieved prototypes brings the
best results across all datasets.

Retrieval Performance Analysis. Finally, we analyze the performance when vary-
ing the retrieval parameters. Since our method leverages an exact retrieval index,
we first validate how much using an approximate search impacts the performance.
Specifically, the left plot of Figure 3.11 shows the trade-off between speed and
performance when using a graph-based HNSW (Hierarchical Navigable Small
World) index [214]. We report the CPU times to search the most similar K = 350
key embeddings when changing the depth of exploration in the index, and their
corresponding mloU scores. This parameter controls the size of the dynamic list
of candidate nearest neighbors that are explored during the search process. On
the right plot of Figure 3.11, we instead show the performance variation when
changing the number K of searched keys. Results are reported on the ADE20K
dataset. As it can be seen, using an approximate index only partially deteriorates
the performance while consistently reducing the computing time. On the same
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Figure 3.11: Retrieval results when using an approximate index (left) and varying
the number of retrieved key-prototype pairs (right).

line, increasing the number of retrieved key embeddings does not improve the
final performance, while retrieving a reduced number of items partially leads to
lower results.

Effect of Superpixel Parameters. Felzenszwalb ef al. [102] introduced an effi-
cient superpixel algorithm that employs a graph-based approach. The algorithm
initiates by constructing a graph representation of the image, where each pixel
serves as a node, and edges connect neighboring pixels. Edge weights are de-
termined based on the RGB color space differences between adjacent pixels.
Consequently, connected components, initially established as individual compon-
ents for each pixel, are progressively merged. The growth of each component
is regulated by the scale of observation parameter k. The algorithm also incor-
porates two additional parameters: the diameter of the Gaussian filter used for
pre-processing to enhance image smoothness and counter artifacts (o), and the
enforced minimum size of superpixels, ;. We employ the implementation of the
skimage? library.

In Table 3.13, we report the parameter values employed on the examined data-
sets. Figure 3.12 further shows the performance variations obtained when altering
these parameters on the ADE20K dataset [420, 421]. Notably, minor variations in
these parameters have negligible effects on final performance. However, imposing

2https://scikit-image.org/
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Dataset I o k

Pascal VOC 100 0.7 20
Pascal Context 100 1.0 20
COCO Stuff 100 1.0 100
Cityscapes 50 05 20
ADE20K 100 1.0 20

Table 3.13: Parameters employed for Felzenszwalb’s algorithm on each dataset.
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Figure 3.12: Effect of the variation of superpixel hyperparameters on ADE20K,
measured in terms of mloU.

large superpixels through a minimum size or scale of observation can significantly
degrade the results.

Impact of caption context. In Sec. 3.3.1.1, we outline our methodology for
extracting textual key embeddings. Specifically, we employ a linear combination
of the word embedding # and the caption embedding &, controlled by a parameter
a. In our main results, we set a to 0.9 to effectively incorporate the textual context
into the key embedding.

In Table 3.14, we conduct an ablation study on this choice. The case without
caption context corresponds to setting « to 1. It is noteworthy that the inclusion
of textual context proves to be particularly beneficial for input categories that
consist of more than one word, such as chest of drawers. This scenario is
prevalent in in-the-wild situations, thus emphasizing the practical utility of our
approach in diverse and real-world settings.

Impact of unimodal global matching. In Table 3.15, we investigate the impact
of employing DINOV2 for local and global matching. Since DINOv2 embeddings
are not aligned with text, we compute global matching by using the similarity
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mloU
Caption Context Context Stuff ADE
X 43.1 274 222
FreeDA v 435 288 232

Table 3.14: Effect of full caption embeddings on the performance of key embed-
dings.

Local Backbone Global Backbone VOC Cityscapes ADE
DINOV2 (ViT-B/14) DINOvV2 (ViT-B/14) 78.4 30.7 17.8
DINOV2 (ViT-L/14) DINOvV2 (ViT-L/14) 74.4 33.5 20.3
DINOvV2 (ViT-B/14) CLIP (ViT-B/16) 85.6 36.7 22.4
DINOvV2 (ViT-L/14) CLIP (ViT-L/14) 87.9 36.7 23.2

Table 3.15: mloU results with DINOv2 for local/global matching.
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Figure 3.13: In-the-wild segmentation results obtained by prompting our model
with diverse free-form textual inputs.

between the CLs token of DINOvV2 and the representative visual prototypes of
the categories. As can be observed, the usage of a text-aligned CLIP backbone
improves performance with respect to the unimodal DINOv2 global features.

In-the-wild results. In Figure 3.13 we report a collection of in-the-wild examples
obtained by prompting our model with diverse free-form textual inputs. Spe-
cifically, we extract noun chunks from sample captions of the COCO Captions
validation set using the spaCy® NLP library. After removing stop-words, the
noun chunks are utilized as input categories for segmenting the corresponding

3nttps://spacy.io/
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Image Ground Truth FreeDA (ours)

Figure 3.14: Sample failure cases.

images. These results extend our analysis beyond curated datasets and demonstrate
the adaptability and robustness of our approach in handling real-world scenarios
with varied and unstructured textual descriptions.

Failure cases. Finally, in Figure 3.14 we report sample scenarios in which our
model encounters challenges and exhibits failure cases. The first row illustrates
an image of a TV displaying a video game. Owing to the strong semantic corres-
pondence properties at the token-level of DINOv2, our model tends to segment
individual elements shown on the TV screen, thereby impacting the overall seg-
mentation performance for the TV class. The second row of the figure instead
presents another failure case featuring an image of a person atop a horse. How-
ever, the segmentation is incomplete and only partially captures the person. This
limitation can be attributed to the prototypes corresponding to horses ridden by
persons, whose noisy binarized masks include their legs. Overall, these failure
cases shed light on areas where our model may struggle, emphasizing the need for
further refinement and consideration of complex visual contexts.

Additional Qualitative Results. Figure 3.16 showcases additional qualitative res-
ults on Pascal VOC [97], Pascal Context [224], COCO Stuff [31], Cityscapes [71],
and ADE20K [420, 421]. These qualitative samples offer a comprehensive view
of the performance of our approach and highlight its versatility and effectiveness
across a range of scenes and categories, reinforcing the applicability in various
real-world scenarios.
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3.3.2.4 Explainability

A notable advantage of our prototype-based approach lies in its inherent explain-
ability, as the set of referring images used to generate prototypes can be visualized
a posteriori. In our approach, in particular, we can visualize the generated images
associated with the retrieved prototypes for a given input category, along with the
corresponding attribution maps and binary masks.

Figure 3.15 illustrates the explainability capabilities of our solution, showcas-
ing examples of retrieved prototypes for a specified category, highlighted within
the captions in which the corresponding noun was mentioned. We further in-
clude the corresponding generated images, attribution maps, and binarized masks,
providing a comprehensive view of the explainability achieved by our approach.
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Figure 3.15: Examples of retrieved prototypes for a specified textual category.
From left to right, we show the original COCO caption, the corresponding gener-
ated image, the attribution map, and the binarized mask (area highlighted in red).
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Figure 3.16: Additional qualitative results of FreeDA in comparison with TCL [39],
with and without global similarities and superpixels.






Chapter 4

Open-Vocabulary
Segmentation via Contrastive
Learning

Multimodal pre-trained models like CLIP [249] have demonstrated impressive
performance on tasks that demand a holistic understanding of vision and language
modalities [419, 179, 220, 425], and have therefore been employed for unsu-
pervised open-vocabulary semantic segmentation [422, 328, 166]. Although the
CLIP-based backbones exhibit strong cross-modal capabilities, they are primarily
trained to predict a global similarity score between text and images, which limits
their spatial understanding and consequently affects tasks based on dense predic-
tions. Several works have tackled this limitation by introducing modifications
to the architecture of CLIP [422, 328, 116]. However, the spatial understanding
constraints imposed by the training modality hinder the effectiveness of such
backbones in open-vocabulary segmentation and highlight the potential benefits of
exploring alternative models with enhanced perceptual capabilities.

On the other hand, self-supervised vision-only backbones like DINO and
DINOv2 [37, 234, 77] have instead shown remarkable abilities in capturing fine-
grained and localized spatial features without the reliance on annotated data.
Specifically, the self-attention mechanism in such backbones generates attention
maps that consistently pinpoint relevant regions within the image and has been
widely leveraged for foreground object segmentation [289, 290, 341, 340, 339].
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While this property makes them a powerful tool for tasks requiring fine-grained
spatial understanding, the embedding space derived from visual self-supervised
networks is not inherently aligned with textual concepts, making it incompatible
with the open-vocabulary segmentation task.

In the previous Chapter, we explored an alternative path to open-vocabulary
segmentation by introducing prototypical representations in the DINOv2 space. In
particular, FOSSIL and FreeDA demonstrated that it is possible to construct and
retrieve category-specific prototypes aligned with DINOv?2 features, effectively
bridging the visual and textual modalities without explicit cross-modal supervi-
sion. These results suggest that DINOv2, despite being trained without language
supervision, implicitly supports a concept organization that can interface with
textual categories through appropriate representations. Building on this insight,
this Chapter investigates whether it is possible to directly align DINOv2 with a
text encoder through contrastive learning, enabling open-vocabulary segmentation
in a fully frozen backbone setting.

4.1 Talking to DINO

In this Section, we introduce Talk2DINO, the first model to equip DINOv2 with
language capabilities via a lightweight non-linear warping function that maps
CLIP text embeddings into the DINOv2 feature space. Talk2DINO proposes a
novel training strategy that automatically selects the most semantically relevant
visual self-attention head and performs alignment without fine-tuning either the
vision or language backbones. Furthermore, we propose a new mechanism based
on DINOV?2 self-attention to enhance foreground—background separation, further
improving segmentation performance in the open-vocabulary setting where the
categories are only foreground objects.

4.1.1 Method

4.1.1.1 Preliminaries

Task Definition. Let I € R¥*W*3 be an image and v(I) € R? X% *Dv s
dense feature map extracted by a Transformer-based visual backbone with input
patch size P and dimensionality of embedding space D,,. Let {7};};—1,.. a be
a set of arbitrary textual categories and ¢(T}) € RP+ their embeddings extracted
by a pre-trained textual backbone. To simplify the notation, in the following, we
will refer to v(I) as v and to t(1}) as t;. Assuming a multimodal setting in which
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D, = D, we could define the similarity map S(I,T}) € R7*# for the image
I and category T as the cosine similarity between ¢; and each spatial entry of v.
Formally, the similarity map is defined as

Vlh,u) * ]

ST ) = 71T
( J)[hv ] Hv[hﬁw]HHth

“.1)

where -[j, ,,) represents indexing over spatial axes. The full resolution similarity
map S(I,T) € R¥*W is recovered by upsampling S(I, T)) (e.g., via bilinear in-
terpolation). Segmentation masks M (I, T}, ..., Tas) are then derived by assigning
pixels to the category with the highest similarity score, i.e.,

ML, Ty, oo Tar) ) = arg max S(L, Ty ) ) (4.2)
j=1,0, M
In order for Eq. 4.1, and therefore the segmentation from Eq. 4.2, to work correctly,
not only the two v and ¢ spaces should share the same dimensionality, but they
should also be constructed so that they also share the same semantics.

CLIP and DINO Duality. Existing vision-language models trained on image-text
pairs (e.g., CLIP [249]) can naturally fit the formulation mentioned above, as
they provide dense visual and textual embeddings in the same space. However,
while CLIP can correctly align global features coming from texts and images (i.e.,
through the similarities corresponding to CLS tokens), it lacks a precise alignment
between the textual feature ¢ and spatial patches v.

Conversely, purely visual self-supervised backbones like DINOv2 [234] have
shown remarkable semantic and local consistency of spatial embeddings, enabling
agnostic image segmentation [290, 289, 341]. These abilities occur naturally in
the last attention layer of DINOvV2, where the attention maps computed between
the CLS token and the spatial tokens align with relevant objects within the image
(see Fig. 4.1). Despite the remarkable results observed on image-only tasks,
DINOV2 lacks a solid bridge with natural language, making it impossible to
directly compute the similarities with the text features, as expressed in Eq. 4.1.

While DINOv2 and CLIP embedding spaces are traditionally thought as being
uncorrelated spaces, we show that the CLIP textual embedding space can be
projected into the DINOvV2 space through a learnable nonlinear warping.

4.1.1.2 Augmenting DINO with Semantics

Warping CLIP Embedding Space. We learn a projection ¢ : RPt — RD»
to map textual embeddings ¢ into the space of the visual patch embeddings v
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of DINOV2, leveraging weak supervision from image-text pairs. We build the
projection 1 applied to textual features by composing two affine transformations
with a hyperbolic tangent activation, which provides nonlinear warping. Formally,

P(t) = W, (tanh (W]t + b)) + by, 4.3)

where W, € RP+*Pv and W), € RP»*Dv are learnable projection matrices and
b, are learnable bias vectors.

Mapping DINO to the Warped CLIP Space. To learn the nonlinear projection 1,
we exploit the intrinsic segmentation capability of DINOv2 to identify the precise
spatial subsets of v to which () should be aligned with.

Specifically, we first extract the NV attention maps A; € R? X% (one for each
of the s = 1, ..., N heads) which DINOv2 computes between the CLS vector and
its patch features from the last layer. One of the key features of DINOvV2 is that
each A; highlights different semantic regions within the image. For each attention
map A;, we compute a visual embedding v4¢ € RPv as a weighted average
of the dense feature map v, emphasizing the spatial areas that A; highlights.
We then calculate the cosine similarity between each v and the projected text
embedding v (¢), resulting in N similarity scores. Formally, the cosine similarity
score between a head and the text embedding is defined as

A.
. A, v ()T
)= 4.4
ST = A @l @
with v = "y, ysoftmax (A; ), w)- (4.5)
h,w

To obtain the most relevant score for alignment, we apply a selection function
over the similarity scores obtained for different heads. In particular, we choose
the maximum similarity max;—, .. N sim(vAi, t) score across all heads, therefore
promoting a robust alignment between textual and visual representations that
adapts to the most salient visual features corresponding to the text query.

Training Procedure. To optimize the alignment between text and visual embed-
dings, we employ the InfoNCE loss, which leverages similarity scores across a
batch of image-text pairs. For each pair (I;,T;), we compute similarity scores
between the projected text embedding 1 (¢;) and the maximally-activated visual
embedding v;, where vj; is the visual embedding derived from the most relevant
attention head for the corresponding text t;, i.e.,

0; = vfj | j = arg maxsim(v;** ;). (4.6)
=1,..,N

yeeey
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Treating the true image-text pair as the positive instance and the remaining
pairs within the batch as negatives, this contrastive approach drives the model
to increase similarity for matching pairs and decrease it for non-matching pairs.
Formally, the InfoNCE loss LysoncE for a batch of B image-text pairs is defined
as

QXp(SiIIl(’Iji7 ti))

1
LinfoNcE = — 77 » log -
2B 2 Zle exp(sim(9;,t;))

1 Bl exp(sim(#;, t;))
o o PO )
i=1 Zj:l exp(sim(%;, ;)

This formulation effectively strengthens alignment by maximizing the similarity
for true pairs and minimizing it for mismatched pairs across the batch.

Inference. The projection learned during the training procedure that warps the
CLIP embedding space into the DINOvV2 space enables the textual embeddings to
be directly comparable with the dense feature embeddings from DINOv2. Hence,
at inference time, given an image I € R>W>3 and a set of textual arbitrary
categories {7} },;=1.. m, We can obtain the segmentation masks as defined in
Eq. 4.2 by considering the projected text embeddings v(t;) in the similarity map
computation from Eq. 4.1.

4.1.1.3 Identifying Background Regions

An additional challenge that OVS approaches need to face, especially when
tasked with benchmarks like Pascal VOC [97] and COCO Objects [31], is that
of identifying “background” regions, i.e. regions that do not belong to the set
of categories considered in the benchmark. The standard approach consists in
applying a threshold on the similarity or probability score to identify where the
model is not certain about the predicted category and classify these locations as
background. However, previous works [147, 357, 356] have introduced custom
approaches to improve the capabilities of the model in recognizing the background.

Following this line, we propose a background cleaning procedure, depicted in
Fig. 4.2, that is based on the capabilities of the DINOv2 backbone in focusing on
coherent areas and highlighting the foreground through the self-attention heads.
Specifically, given N attention maps A; € R7*% and M projected textual
embeddings of classes (t,), we first compute the average visual embeddings v
as in Eq. 4.5. Similarly to the training procedure, we then compute the similarity
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Dense DINOv2 Mapped Category Similarity Maps
Embeddings Embeddings M Input Image

—

|
I
sim
|
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DINOv2 Background | Segmentation
Attention Maps Cleaning Maps Masks

|
************************** -
Background Cleaning Procedure

Figure 4.2: Inference procedure. At the top, we compute the similarity between
mapped text embeddings and the DINOv2 patches to produce the initial similarity
maps. In the bottom part, we produce a background cleaning map for each class
derived from the different DINOv2 attention heads. We obtain the final enhanced
similarity map of each category through a convex combination of the similarity
and background cleaning maps. The output segmentation then results from the
final refinement and thresholding steps.

between each v and 1)(t;), resulting in a matrix of similarity scores R € RM*N,
which is additionally normalized row-wise through a softmax operation. These
scores represent how much each self-attention head is related to each textual
category. Formally, R is defined as

R =[R1,.... R, ..., R]T, with (4.7)
R; = softmax (sim(vAl,@Z)(tj))7 - sim(vAN,w(tj))) .
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Then, for each category T’; we compute its average attention map JF; € R7 %7 as

N
Fi(Ai,Rij) = > RijAi, (4.8)

i=1

and normalize F by applying a softmax normalization over both spatial axes, and
linearly re-projecting its values in the range

[j hlrul) S(Iaz})[h,w]aﬂa’i)(s(jver)[h,w]]’ 4.9
where S(-) is the similarity map defined in Eq. 4.1. We exploit the resulting
normalized average attention per category to shape the similarity map by activating
the foreground region and deactivating the background. The resulting shaped
similarity map S € R¥*W is defined as

ST hw) = ASTL T thw) + (1= N Fj ) (4.10)

where A is a hyperparameter representing the relevance of the background shaping
in computing the segmentation masks. The background mask is then identified
as the collection of pixels for which the shaped similarity map is lower than a
threshold across all semantic categories.

4.1.2 Experiments
4.1.2.1 Experimental Setup

Datasets. We evaluate our approach on the eight semantic segmentation bench-
marks introduced in Sec. 3.3, which we categorize based on the inclusion of a
background class. Specifically, we conduct experiments on the validation sets of
Pascal VOC 2012 [97], Pascal Context [224], COCO Stuff [31], Cityscapes [71],
and ADE20K [420, 421], that contain 20, 59, 171, 150, and 19 semantic categories
respectively and do not include the “background” class. We report additional
experiments on the COCO Objects dataset [31], which consists of 80 different
foreground object classes, and on modified versions of Pascal VOC 2012 and
Pascal Context in which the “background” category is, instead, included (i.e., with
21 and 60 semantic categories respectively).

Implementation Details. For the main experiments, we employ DINOv2 ViT-
B/14 as the base model and DINOv2 ViT-L/14 as the large model, both with the
CLIP ViT-B/16 text encoder. We use the DINOv2 variant with registers [77] since
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our method benefits from the removal of artifacts in self-attention maps. We train
the model with the Adam optimizer, a batch size of 128, and a learning rate of
1 x 10~* for a total of 100 epochs on the COCO Captions 2014 training split [190],
composed of around 80k images.

Following previous works [39, 147, 116], we optionally employ the mask re-
finement stage to counteract any inaccuracies in the final masks based on the Pixel-
Adaptive Mask Refinement (PAMR) [9], which is an iterative post-refinement
method aimed at enhancing the fidelity of the similarities to the visual characterist-
ics of the image. In our experiments, we use \ equal to % for background cleaning,
a threshold of 0.55 on the similarity score to determine which pixels belong to the
“background” category, and, when using mask refinement, employ PAMR with 10
iterations.

Evaluation Protocol. As in FOSSIL and FreeDA, we follow the standard evalu-
ation protocol for unsupervised OVS [39], where prior access to the target data
before evaluation is not allowed, and use the default class names provided by the
MMSegmentation toolbox. The images are resized to have a shorter side of
448, using a sliding window approach with a stride of 224 pixels. All models are
evaluated using mean Intersection-over-Union (mloU) on all the classes of each
dataset.

4.1.2.2 Comparison with the State of the Art

We compare Talk2DINO with previous state-of-the-art approaches for unsuper-
vised OVS on the five benchmarks that do not include the “background” cat-
egory and the three benchmarks with the “background” category. We consider
as competitors: (i) prototype-based approaches, such as ReCo [286] and FreeDA
(Sec. 3.3), which aim to create visual prototypes associated with the textual cat-
egories, (ii) CLIP adaptations, as MaskCLIP [422], CLIP-DIY [356], SCLIP [328],
ClearCLIP [165], and NACLIP [116], which propose architectural modifications to
enhance its localization properties, (iii) methods trained on sets of image-caption
pairs with objectives designed to force the segmentation capabilities to emerge, like
GroupViT [363], TCL [39], SILC [228], and dino.txt [140], and (iv) methods
that aim to combine the properties of CLIP and DINO, as CLIP-DINOiser [357],
LaVG [143], and ProxyCLIP [166].

Table 4.1 reports the results on the five benchmarks without background (i.e.,
Pascal VOC-20, Pascal Context-59, COCO Stuff, Cityscapes, and ADE) and the
three benchmarks with background (i.e., Pascal VOC-21, Pascal Context-60, and
COCO Object). Specifically, we report the performance of both the base and
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large configurations of both Talk2DINO and the competitors, according to their
definitions in the original papers. Moreover, we divide the table into two sections
depending on whether a mask refinement technique is employed. Specifically,
LaVG exploits a custom region proposer combined with DenseCRF [158], while
all the other methods refine their masks with PAMR. Regarding datasets with
background, Pascal VOC and COCO Objects present only foreground categories,
also referred to as “things” in the literature, while Pascal Context presents both
categories from foreground and background, also mentioned as “stuff”’. Hence,
following CLIP-DINOiser [357], we report the performance with the background
cleaning procedure described in Sec. 4.1.1.3 only on Pascal VOC and COCO
Objects.

As it can be observed, our approach achieves the best average mloU on all the
configurations and presents a consistent improvement compared to the considered
competitors, with and without the mask refinement, across all datasets except
Cityscapes. The most straightforward comparison is the one with FreeDA without
global similarity (i.e., with DINOv2 only as visual backbone). As presented
in Sec. 3.3, it builds a bridge between DINOV2 and the CLIP text encoder by
retrieving from a collection of visual-textual embedding pairs and by building
visual prototypes for each textual category. The significant improvement achieved
by Talk2DINO demonstrates that training a direct projection from the CLIP text
encoder to DINOV2 leads to a more accurate bridge between the two embedding
spaces without the overhead in computation and memory provided by the retrieval
procedure.

Fig. 4.3 depicts qualitative segmentation results, in which we highlight the
segmentation capabilities of Talk2DINO along with other state-of-the-art models
(i.e., FreeDA, ProxyCLIP [166], and CLIP-DINOiser [357]). We show two images
from Pascal VOC, in which it can also be appreciated how the background cleaning
procedure leads to high-quality masks and localization, and two images from
COCO Stuff and Pascal Context where Talk2DINO effectively segments “things”
in the scene, such as the boat and teddy bear, and “stuff” categories, such as
sky and road.

4.1.2.3 Ablation Studies and Analyses

Choosing Different Visual Backbones. In Table 4.2 we show the performance of
our approach when varying the visual backbone and the size of the employed ViT
architecture. We observe that backbones that differ from DINOv2 present unsatis-
factory results and can not be aligned to the CLIP textual encoder with a learnable
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mloU
Visual Backbone V20 C59 Swff City ADE
DINO VIiT-S 277 132 74 148 52

DINOvV2 (without registers) ViT-S ~ 83.7 38.3 25.8 329 19.8
DINOV2 (with registers) VIiT-S 869 353 245 272 169

MAE ViT-B 95 43 20 40 1.1
CLIP ViT-B 554 149 122 62 38
DINO ViT-B 273 112 79 136 45

DINOvV2 (without registers) ViT-B 742 319 23.0 279 165
DINOvV2 (with registers) ViT-B  87.1 39.8 28.1 36.6 21.1

MAE VIT-L 67 27 14 46 09
CLIP ViT-L 166 50 7.7 09 20
DINOV2 (without registers) ViT-L ~ 56.0 20.1 149 18.1 8.2
DINOV2 (with registers) ViT-L  87.1 39.1 27.0 358 21.1

Table 4.2: Ablation study results using different visual backbones and with differ-
ent sizes of the ViT architecture.

mapping. In particular, while DINO achieves the second-best performance on
average, Talk2DINO heavily benefits from the strong semantic representation of
the dense features of DINOv2 and the capabilities of its self-attention heads in
highlighting coherent regions of the image, properties that are not reflected in
other visual backbones. We attribute this performance gap between DINOv2 and
DINO, MAE, and CLIP to two major factors: (i) the quality of the attention maps
and (ii) the semantic richness of the patch representations.

For the first point, we qualitatively analyze the self-attention patterns of the
different backbones. Fig. 4.11 showcases the average self-attentions between the
CLS token and the other tokens in the first row, breaking down the contributions
from the various self-attention heads in the successive rows. We observe that
the self-attention heads of CLIP introduce a noise pattern similar to what we
observed for DINOv2 without registers, which limits the effectiveness of our
training pipeline. On the other hand, the self-attention maps of DINO and MAE
appear cleaner and emphasize homogeneous image regions. However, in these
cases, the performance gap with DINOv2 can be attributed to the insufficient
semantic richness of the extracted dense features.

To quantitatively assess the patch-level semantics of these backbones, we
conduct an experiment in which we classify each patch through linear probing
on the images of VOC. We determine the ground-truth labels of the patches via
majority voting and evaluate accuracy on the validation set (batch size = 16,
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Visual Backbone ViT-S ViT-B  ViT-L
MAE - 0.56 0.56
CLIP - 0.89 0.89
DINO 0.62 0.73 -
DINOV2 (without registers) 0.95 0.96 0.95
DINOV2 (with registers) 0.96 0.97 0.96

Table 4.3: Patch linear probing accuracy on VOC for ViT-Small, ViT-Base, and
ViT-Large.

learning rate = 5 x 103, for 3 epochs, with 32x32 patches per image, using ViT-B
as the backbone). The results, reported in Table 4.3, align with the overall trends
highlighted in the paper: DINOvV2 consistently emerges as the best-performing
backbone, MAE as the worst, and CLIP and DINO as intermediate. These findings
further confirm that the semantic richness of the features extracted by different
backbones plays a crucial role in the effectiveness of our approach. Similar
conclusions were drawn in the ablation study of FreeDA (Sec. 3.3), where a
comparable performance drop was observed when using CLIP or DINO instead of
DINOV2.

Moreover, our results emphasize the critical role of registers [77] in DINOv2,
as demonstrated by the comparison between its variants with and without registers.
Registers are a recently proposed mechanism to mitigate the presence of artifacts
in the feature maps of ViT-based backbones. Artifacts are tokens that exhibit a
significantly higher norm with respect to the other tokens and retain less inform-
ation about their original position in the image. The alignment process in our
method relies on high-quality attention maps, and the presence of artifacts poses a
challenge by limiting the selection of the most relevant self-attention heads. Inter-
estingly, since register-related artifacts are more pronounced in larger backbones,
the ViT-S variant without registers maintains competitive performance compared
to its register-enabled counterpart. See ”Role of DINO Registers” for more details.
Finally, we observe that our approach maintains robust and consistent performance
across different ViT sizes, achieving strong results even with the compact ViT-S
backbone. This suggests that our method is effective across a range of model sizes,
making it adaptable to varying computational constraints. See " ViT-B vs. ViT-L”
for more details.

Impact of the Proposed Components. Table 4.4 reports the results of Talk2DINO
evaluating the impact of its core components on the overall performance. Specific-
ally, in the first section of the table, we analyze the effect of the adopted projection
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mloU

V20 C59 Stuff City ADE
Effect of Projection
Linear Projection (text only) 85.1 379 26.7 356 20.1
Our mapping (both vision and text)  59.2 27.3 189 23.5 13.5
Our mapping (vision only) 84.6 352 262 204 155
Our mapping (text only) 87.1 39.8 28.1 36.6 21.1

Effect of Self-Attention Selection and Aggregation
CLS only (without self-attention) 84.5 30.6 23.0 226 172

Standard average 89.6 369 25.6 335 19.7
CLS-weighted average 87.6 352 231 293 175
CLS similarity-weighted sampling 88.2 329 226 270 179
Max CLS similarity 87.1 39.8 28.1 36.6 21.1

Table 4.4: Ablation study evaluating the impact of the core components of the
proposed architecture on the final performance. We report the results using the
base model of DINOvV2.

Image Ground Truth FreeDA ProxyCLIP [166] CLIP-DINOiser [357] Talk2DINO (Ours)

Figure 4.3: Qualitative results of Talk2DINO in comparison with FreeDA, ProxyC-
LIP [166], and CLIP-DINOiser [357].

1. Replacing it with a linear projection leads to a slight performance drop. The
good performance obtained by a linear transform evidences how the DINOv2 and
CLIP spaces are intrinsically compatible, as the former can be obtained through an
affine transform of the latter without losing too much information. Interestingly,
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mloU
Mask Refinement V21 Object
without background cleaning X 59.9 37.1
with background cleaning X 61.5 41.0
without background cleaning v 639 403
with background cleaning v 65.8 45.1

Table 4.5: Ablation study on the impact of the background cleaning procedure.
We report the results using DINOv2 ViT-B.

applying the proposed projection on top of DINOv2 or using two projections on
both spaces significantly lowers performance, confirming the appropriateness of
the proposed approach.

In the second section of the table, we instead study the effect of the selection
and aggregation strategy of self-attention heads A;,7 = 1, ..., N during training.
In particular, we test aligning (i) directly the visual CLS token to the textual CLS
token, (ii) the visual embedding from the standard average self-attention, (iii)
the weighted mean of the head embeddings v 4,, where the weights are given by
their softmaxed similarity with the textual CLS token, (iv) a strategy in which we
sample a single head embedding, where the sampling probability is given by the
softmaxed similarity with the CLS token, and (v) our adopted solution in which
we select the head embedding which is the most similar to the textual CLS token.
The results show that only on the Pascal VOC dataset, composed mostly of large
subjects in the foreground, the embedding from the standard average self-attention
presents improved performance. On all other benchmarks, our approach proves to
be the most effective, further validating the robustness of our selection method.

Effect of Background Cleaning. Table 4.5 shows how the performance is af-
fected by the background cleaning mechanism and by the usage of PAMR for
mask refinement. It can be observed that the background cleaning procedure
has a significantly positive impact on Pascal VOC and COCO Object, leading,
respectively, to a +1.6 and +3.9 increase in mloU score. Further, it can be noticed
that the effectiveness of the proposed background cleaning procedure is confirmed
also when applying the mask refinement. Fig. 4.4 shows a set of qualitative results
in which we highlight the advantages of using the proposed background cleaning
procedure with respect to directly thresholding the similarities with the input
categories to detect the background. In particular, the first two rows show four
qualitatives on images from COCO Object, and the last two rows from VOC. These
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Figure 4.4: Qualitative results obtained with and without the proposed background
cleaning strategy, on COCO Object and Pascal VOC.

results demonstrate that background cleaning removes the noise in the background
from the image and improves the fitting of the masks on the foreground objects.
Analysis of Model Parameters. Fig. 4.5 reports a comparison of the relationship
between the performance, in terms of average mloU, and the number of parameters
of the models. As it can be observed, Talk2DINO presents a lower number of
parameters than the competitors FreeDA and ProxyCLIP [166], along with an
improved average mloU. Models with a comparable number of parameters, such
as TCL [39], GroupViT [363], and MaskCLIP [422], exhibit a lower performance
compared to Talk2DINO. Finally, it shall be noted that models such as FreeDA and
ReCo [286] require maintaining external sources of knowledge, which increases
memory consumption. Further discussion on the comparison between Talk2DINO,
ProxyCLIP, and FreeDA can be found in the following sections (see ”Comparison
with ProxyCLIP and FreeDA”).

Role of DINO Registers. The main configuration of Talk2DINO, with both the
base and large sizes, leverages the variant of DINOv2 with registers. In Fig. 4.10,
we depict, on the first row, the average self-attentions between the CLS and the
other tokens for the ViT-S, ViT-B, and ViT-L architectures with and without
registers, while in the following rows, we show the various self-attention heads for
each backbone. It can be observed that in the ViT-S the artifacts are not present,
and the average self-attention between the model with and without the registers is
nearly identical. Instead, the ViT-B exhibits artifacts in the top left corner, resulting
in an average self-attention that is especially focused on that portion of the image.
This side effect is even more noticeable with the ViT-L, for which the artifact is the

96

Bridging Vision and Language for Open-Vocabulary Segmentation



CHAPTER 4. OPEN-VOCABULARY SEGMENTATION VIA CONTRASTIVE

LEARNING

‘s191oweted jo roquinu
pue souewIofiod ud9Mm)aq JJO-ape) 1saq oY} SIJO ONIAZIEL "S[epow [IA 231eJ/osegd/[[ews JoJ TT/€d/S Po[oqe]
QI 9], "SIZIS duoqyoeq A[dN[NUI YIIM PI)S) SPOYIAW JOAUUOD SAUI[ PIYSe( "['{ S[qBL, Y} Ul partodar syrewyouaq
9AL U]} [[B JOAO PISBIOAR O[W PauIL}qo Y} $2JOUP STXE-A oY, *JUNO)) JIJOWRIRJ *SA UBULIONAJ G 9IS

siajoweled siajoweled
oNIazileL WOSLZ W00S W0SZ WO0OT WOS 85T 9T  WO00S  WOSZ WOOT  WOS
dIniesd
one] st
vaoaid
(ZAONIQ AJUO) Y@oald - - 0z
(ZAONIQ) dIDAX0Id - @ - >
(ONIQ) dIMDAX0Id --®-- 5T 3
dIMOVN - o &
J9SIONIQ-dITD W ®
dIoS -4~ Ge nwv
AlQdD v . c
dIoisen 5 o
oL
0D9Y 1174
1indnoin

JUBWIBULY ASEIN YIM JUBWIBULRY SN INOYIM

97

Bridging Vision and Language for Open-Vocabulary Segmentation



CHAPTER 4. OPEN-VOCABULARY SEGMENTATION VIA CONTRASTIVE
LEARNING

mloU
V20 C59 Stuff City ADE

Effect of Training CLIP Last Layer

Trained 779 31.5 21.3 34.6 18.7
Frozen 87.1 39.8 28.1 36.6 21.1
Effect of Text Token Selection

Average text tokens 84.7 37.9 25.7 33.6 20.0
Text token to best self-attn map 83.9 33.8 242 295 18.1
Text token to best self-attn map (NS) 80.8 33.9 23.7 27.5 18.6
CLS token only 87.1 39.8 28.1 36.6 21.1

Table 4.6: Ablation study on the effect of training the last layer of CLIP and text
token selection strategies.

only visible token in the average self-attention. These observations align with the
results reported in Tab. 4.2, which show a downgrade in performance without the
registers that is directly related to the presence of the artifacts in the self-attentions.
Indeed, the largest difference in performance is measured in the ViT-L architecture,
while in the ViT-S case, the backbone without registers performs better on four
benchmarks out of five.

Effect of Training CLIP Last Layer. Table 4.6 reports a comparison between
Talk2DINO when training only the ) (¢) projection and when instead unfreezing
the last layer of CLIP [249]. Despite this experiment exhibiting a small per-
formance gap between the two configurations, unfreezing the last layer of CLIP,
interestingly, leads to worse results. This outcome highlights that the textual
representations provided by CLIP, which have been pre-trained to match their
visual counterpart, if trained inside a different pipeline, can be harmed and can
lose part of their capabilities in multimodal understanding.

Using CLIP Text Tokens. In Table 4.6, we report the results of utilizing the dense
output of the CLIP text encoder instead of its CLS token for alignment. While our
primary experiments align the CLS token with the best attention map embedding
to target the patches most relevant to the text, we also explore aligning individual
text tokens to the best attention map embeddings. This approach is motivated by
the hypothesis that each word in the text might correspond to a distinct region in
the image. During inference, since we perform the alignment on individual text
tokens rather than the CLS token, we average the text tokens to calculate similarity
with the visual patches. However, this method yields inferior results compared
to using the CLS token. We then refine this approach by aligning only a subset
of text tokens selected using nucleus sampling (a = 0.6) to filter out potentially
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irrelevant words, such as stop words. Despite this effort, performance does not
improve.

These observations suggest that the global objective of the training of CLIP,
similar to its effect on visual patch embeddings, may not endow text tokens with
strong local properties that accurately reflect the specific word each embedding
represents. This limitation likely contributes to the noisiness of such alignments.
Additionally, we evaluate the use of the average of CLIP text tokens in both
training and inference as an alternative to the CLS token. While this approach
slightly improves over aligning individual tokens, it still underperforms compared
to the CLS token, indicating that it encapsulates the most useful and less noisy
information for alignment with DINOv2 patches.

Impact of Image Resolution. According to the evaluation protocol introduced
in GroupViT [363] and standardized in TCL [39], the images are resized to have
a shorter side of 448, and a sliding window approach with a stride of 224 pixels
is employed. However, Wang et al. [328] observed that the approaches based on
CLIP benefit from employing a shorter side of 336 with 224 x 224 windows and
a stride of 112 pixels, leading to an equivalent computational effort but better
performance. This phenomenon is attributed to two reasons: (i) each window
has the same resolution on which CLIP has been originally trained, and (ii) CLIP
presents an impressive global understanding but lacks localization capabilities,
hence relying on many smaller windows is more advantageous than more patches.
This variation of the evaluation setting is not necessary for Talk2DINO because
DINOV2, which is the frozen underlying visual encoder, has been trained with
a 518 x 518 resolution and presents an outstanding patch-level understanding,
However, Tab. 4.6 reports the results obtained following the setting used in SCLIP,
employing a shorter side of 336 for VOC, Context, COCO-Stuff and ADE, of
560 for Cityscapes, with 224 x 224 windows and stride 112. Results show
that Talk2DINO, on average, performs better with a resolution of 448, but the
performance slightly varies when changing the setting to 336. This confirms that
the semantics of the patch-level features of DINOv2 are robust towards variations
of resolution and that our learned bridge is valid for both scenarios. Moreover, for
a fair comparison, we also report the results of SCLIP, NACLIP, and ProxyCLIP
when adopting the 448 resolution of the standard protocol, in which Talk2DINO
largely outperforms the competitors.

Comparison with ProxyCLIP and FreeDA. GroupViT [363] has been the first
model to tackle the weakly-supervised OVS. It trains a custom ViT architecture
from scratch by hierarchically merging tokens at different layers. Afterward,
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ViT-Base (mIoU)

ViT-Large (mIoU)

Model Visual Backbone Resolution V20 C59 Stuff City ADE  Avg V20 C59 Stuff City ADE  Avg
without Mask Refinement

SCLIP [328] CLIP 336 804 342 224 322 16.1 371 70.6 252 17.6 213 109  29.1
NACLIP [116] CLIP 336 79.7 352 233 355 174 382 78.7 32.1 214 314 173 362
ProxyCLIP [166] CLIP+DINOV2 336 80.5 373 253 358 190 39.6 83.5 36.7 250 358 21.0 404
ProxyCLIP [166] CLIP+DINO 336 78.2 38.8 262 39.7 19.7 405 82.1 382 26.2 41.2 222 420
Talk2DINO (Ours) DINOv2 336 88.3 39.1 274 382 202 42.6 86.6 38.2 260 364 193 413
with Mask Refinement

SCLIP [328] CLIP 336 793 346 223 203 154 344 66.6 224 147 69 17 237
NACLIP [116] CLIP 336 83.0 384 257 383 19.1 409 845 364 246 371 196 404
ProxyCLIP [166] CLIP+DINOV2 336 80.9 393 266 37.7 199 409 835 36.7 264 38.6 22.1 41.5
ProxyCLIP [166] CLIP+DINO 336 78.5 393 26.7 40.1 20.0 409 82.6 387 267 421 225 425
Talk2DINO (Ours) DINOv2 336 89.4 415 294 403 212 444 89.5 41.7 29.8 387 208 44.1
without Mask Refinement

SCLIP [328] CLIP 448 77.8 33.0 21.1 198 146 333 612 205 13.1 67 7.0 21.7
NACLIP [116] CLIP 448 713 348 229 337 177 36.1 745 326 21.6 305 178 354
ProxyCLIP [166] CLIP+DINOV2 448 833 37.8 256 288 19.1 389 85.0 36.6 250 33.8 20.6 402
ProxyCLIP [166] CLIP+DINO 448 804 39.0 262 31.7 195 394 83.1 37.8 259 375 21.6 412
Talk2DINO (Ours) DINOv2 448 87.1 39.8 28.1 36.6 21.1 425 87.1 39.1 27.0 358 21.1 42.0
with Mask Refinement

SCLIP [328] CLIP 448 793 346 223 203 154 344 66.6 224 147 69 17 23.7
NACLIP [116] CLIP 448 749 376 252 36.1 184 384 79.8 36.8 25.0 356 184  39.1
ProxyCLIP [166] CLIP+DINOV2 448 83.1 393 267 295 19.7 397 85.1 37.8 259 353 214 41.1
ProxyCLIP [166] CLIP+DINO 448 80.0 39.1 265 31.7 195 394 82.8 37.8 262 262 21.6 389
Talk2DINO (Ours) DINOv2 448 88.5 424 30.2 38.1 225 443 89.8 42.7 29.6 384 229 44.7

Figure 4.6: Comparison with unsupervised OVS models on Pascal VOC [97], Pascal Context [224], COCO Stuff [31],
Cityscapes [71], and ADE20K [420, 421] following the evaluation setting proposed in SCLIP [328] (resolution 336)

and TCL [39] (resolution 448).
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Image— Text Text—Image
R@11 R@51 R@107 Median| Mean| R@171 R@51 R@101 Median| Mean |

ViT-Base
CLIP 413 658 763 2 134 226 441 549 8 525
Talk2DINO 295 560 690 4 164 125 340 484 11 38.4
+ Custom Alignment 28.6 58.8 72.0 4 12.0 28.0 55.6 68.7 4 19.3
ViT-Large
CLIP 454 711 792 2 10 265 487 590 6 442
Talk2DINO 265 537 656 5 188 127 337 478 11 43.1
+Custom Alignment 37.9 647  75.1 3 131 244 501 632 5 278
Table 4.7: Retrieval performance on the COCO Captions test set.
Visual Encoder Params (M) FLOPS (G) Ext. (GiB)
ProxyCLIP CLIP ViT-B/16 + DINO ViT-B/8 172.0 521.2 -
ProxyCLIP  CLIP ViT-B/16 + DINOv2 ViT-B/14 172.8 180.8 -
FreeDA CLIP ViT-B/16 + DINOv2 ViT-B/14 172.8 125.1 125
Talk2DINO DINOV2 ViT-B/14 86.6 107.4 -

Table 4.8: Number of parameters, FLOPS, and the dimension of the external
knowledge for ProxyCLIP, FreeDA, and Talk2DINO.

several works followed this direction, investigating how to let the segmentation
capabilities to emerge by training over a large corpora of image-caption pairs. On
the contrary, more recent works focused on finding modifications to the archi-
tecture of CLIP in order to improve its localization properties. Moreover, some
methods consider the usage of further visual encoders with enhanced localization
capabilities to help CLIP on dense tasks. Among these methods, ProxyCLIP
and FreeDA study how to combine DINO and DINOv2 with CLIP. ProxyCLIP
proposes to leverage the semantic coherence of a visual encoder such as DINO
or DINOV2 to guide the computation of the patch-level embeddings of CLIP.
This guidance is performed inside an attention module, in which the patch-level
embeddings of DINO act as queries and keys while those of CLIP act as values.
Talk2DINO, similarly to our proposed FreeDA and ProxyCLIP, investigates
how to leverage DINOvV2 to compensate for CLIP. However, it employs a contrast-
ive learning over a large set of image-caption pairs based on maximum similarity
between the attention head embeddings and texts, to learn a functional mapping
that bridges the CLIP text embeddings into the DINOv2 space. This approach
demonstrates that the two spaces can be directly connected to set the new state-of-
the-art in the unsupervised OVS field. Table 4.8 shows a quantitative comparison
in terms of the number of parameters and FLOPS of the visual encoders and
the dimension of the external knowledge (i.e., the database of FreeDA), when
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Model Visual Encoder V20 C59 Swff City ADE V21 C60 Object Avg
DINOv2 ViT-B/14 with registers (without Mask Refinement)
FreeDA DINOv2 834 395 259 352 207 50.1>43.6 343 238>247 39.1>384
FreeDA CLIP+DINOvV2 87.0 40.6 257 342 212 493>41.8 357 348p>34.7 41.1>40.1
ProxyCLIP  CLIP+DINOv2 83.0 372 254 339 197 586»>60.0 338 3741373 41.1>413
Talk2DINO DINOv2 871 398 281 39.6 21.1 599615 351 37.1>41.0 43.51>44.2
DINOv2 ViT-B/14 with registers (with Mask Refinement)
FreeDA DINOv2 849 423 277 368 220 502437 367 245>255 40.6>40.0
FreeDA CLIP+DINOvV2 874 424 266 348 221 494417 372 36.6>367 42.1>41.1
ProxyCLIP ~ CLIP+DINOv2 83.1 389 266 354 203 620>634 352 3871386 425427
Talk2DINO DINOv2 885 424 302 41.6 225 639658 37.7 403>451 459146.7

Table 4.9: Comparison between FreeDA, ProxyCLIP, and Talk2DINO when using
DINOv2 with and without registers. For VOC21, Object, and the average, we
report the results without background cleaning on the left and with background
cleaning on the right.

assuming an input image with a resolution of 448 x 448. The results highlight
that our method is more practical and less demanding in computation and memory,
while presenting improved results against all competitors.

In Tab. 4.1, we followed the original configurations of the competitors and,
hence, ProxyCLIP uses DINOv2 with registers while FreeDA does not. We report
a comparison with and without registers in Tab. 4.9. The registers present the
greatest impact on Talk2DINO, because, as described in ”Role of DINO Registers”,
the presence of anomaly tokens leads all the self-attention heads to focus only
on them, preventing the selection of diverse areas during training and, hence,
limiting the efficacy of our proposal. Moreover, in Tab. 4.9 we report the effect
of the background cleaning also on FreeDA and ProxyCLIP. This approach is
effective only on Talk2DINO due to the learned alignment between text and
average embeddings of the self-attention heads, while it leads to lower results
when applied to the other methods.

ViT-B vs ViT-L. Tab. 4.1 shows that, without mask refinement, the results achieved
by Talk2DINO with DINOv2 ViT-B as vision encoder are slightly better than the
ones achieved with ViT-L, while the opposite should be expected. However, when
we apply the PAMR for mask refinement, the results of ViT-L significantly improve,
surpassing the ViT-B on five benchmarks out of eight. A similar phenomenon
can be observed in other competitors, such as MaskCLIP, SCLIP, ClearCLIP, and
NACLIP, while in FreeDA and ProxyCLIP we cannot establish an encoder size that
prevails on the other. Even from the experiment in Tab. 4.3 on patch-level linear
probing, we can observe that ViT-B performs slightly better than ViT-L. These
results suggest that DINOv2 ViT-L has a comparable semantic understanding
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with respect to ViT-B, but presents inferior localization properties, which are
compensated through PAMR. We hypothesize that training the model with a form
of weak- or self-supervision by exploiting the innate capabilities of pre-trained
backbones lacks a direct relation between performance and model size. Indeed,
the impressive semantic and localized understanding of DINOV2 is a consequence
of its training procedure but not the direct objective. From Figure 4.10, it is
noteworthy that the activations of ViT-S, ViT-B, and ViT-L have very different
behaviors, impacting the results of Talk2DINO.

4.1.2.4 Image-Text Matching Results

While Talk2DINO is primarily designed for OVS, we also assess its performance
on image-text retrieval to evaluate its capabilities in global image understanding.
For this task, we adopt the same text encoding approach used in segmentation,
projecting the CLIP text embedding. The global image representation is derived by
averaging the embeddings computed from each DINOv2 attention map. Specific-
ally, for each attention map A;, we calculate a visual embedding v4¢ € RP» as the
weighted average of the dense feature map v. The final global image representation
is then obtained by taking the mean of all v embeddings.

In Table 4.7, we assess the retrieval performance on the COCO Captions
test set [190] using both ViT-B and ViT-L configurations. While Talk2DINO
generally performs slightly below CLIP across most metrics, it demonstrates a
notable advantage in the mean rank for the text-to-image retrieval task. This
result underscores the ability of Talk2DINO to better address extreme failures
compared to CLIP, indicating improved robustness in handling challenging or
outlier queries. In addition to computing text-image similarities using cosine
similarity between a global text token and a global image token, we experiment
with a similarity function that mirrors the one used during training. Specifically,
instead of representing the image with the mean of the v embeddings and
calculating similarity as the cosine similarity between this representation and the
text encoding, we represent the image using all v embeddings. We compute the
similarity as max;—1,... N sim(vAi , 1), taking the maximum similarity score across
all heads. This alternative similarity function leads to significant performance
improvements, allowing Talk2DINO to surpass CLIP on several metrics. This
enhancement is likely due to the ability of the model to evaluate captions at a finer
granularity. Captions often describe multiple aspects of an image, including both
foreground and background elements. By individually examining different regions
of the image as detected by distinct attention heads, the model can assign more
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DINOv2 Head Activations
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Figure 4.7: Percentage of times each Eﬁ@ﬁtfﬁﬂ‘}fe%rd of V1T—B backbone is selected
for alignment to textual embeddings on the final epoch of training. The dashed
line denotes uniform distribution.

precise scores, ultimately boosting retrieval accuracy.

4.1.2.5 Activation Map Visualizations

In Fig. 4.7, we show the distribution of attention heads selected for alignment with
the text input during the final epoch of training. The results indicate that certain
heads, particularly heads 1 and 3, are more often aligned with the text than others.
However, aside from these, the remaining heads are relatively evenly distributed.
These findings are noteworthy because they suggest that some heads specialize in
capturing features that align more closely with the input caption, while all heads
contribute meaningfully during training. Notably, no head shows a negligible
activation frequency, highlighting the importance of the entire set of attention
heads in the alignment process.

Fig. 4.8 presents examples from the training set, showcasing images paired
with their corresponding captions and the attention maps selected for alignment.
Despite describing the same scene, variations in the captions lead the alignment
procedure to focus on different regions of the image. For instance, in the first row,
the caption mentioning the fans also focuses on the background, while captions
that reference only the player, the ball, and the racket do not.

In-the-Wild Qualitative Examples. Fig. 4.9 depicts a few examples of “in-the-
wild” segmentation, obtained by providing to Talk2DINO sample images from
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Head 1: A Head 5: champion Head 7: A man hitting Head 10: A man is Head 11: a tennis
professional tennis tennis player swats at ~ a tennis ball with a hitting his tennis ball player on a court with
player hits a ball as the ball hoping to win  racquet. with a recket on the a racket

fans watch.

Head 0: A gray and Head 1: A street in Head 2: A tree Head 5: A cardriving  Head 9: A street sign
white building on the the ciy San franscisco leaning on a building ~ down a street nextto  for Bay Streetin a
corner of bay street on a good day on Bay Street. a tall building. residential

with building behind it. neighborhood.

Head 1: A puppy Head 2: A dog sitting
holding a black disk on a couch holding a
on the couch frisbee in its mouth.

Head 3: A dog Head 9: A bull dog Head 10: a brown
holding a plate while holding a frisbee init's  black and white dog
sitting on a chair. and a black frisbee

Head 0: several of the Head 1: A large Head 3: Playersona Head 5: Amanisup  Head 6: a man
baseball players are crowd is watching a baseball field duringa tobatata holding up his
in view baseball game. professional baseball ~ baseball bat during a

baseball game

Head 1: A white Head 6: A number of  Head 7: A dessert Head 10: A white Head 11: Donuts and
round table filled with  pastry items on a tray with donuts, plate topped with other goodies on a
some assorted treats.  table cupcakes, and muffins  chocolates, donuts, table

and other goodies.
Figure 4.8: Sample images from the training set paired with their corresponding
captions and the attention maps selected for alignment during the last epoch of
training.

the web and asking it to segment uncommon categories, such as “pikachu”,
“millennium falcon”, and “westminster abbey”, and free-form text,
like “golden retriever puppy”. On the left, we show three examples in

Bridging Vision and Language for Open-Vocabulary Segmentation 105



CHAPTER 4. OPEN-VOCABULARY SEGMENTATION VIA CONTRASTIVE
LEARNING

golden retriever pikachu axolotl

£ .
millennium falcon tordelli westminster abbey PUpPPY traffic sign stones
grass field forest leaves
vegetation route gravel

Figure 4.9: ”In-the-wild” segmentation results obtained by prompting Talk2DINO
with uncommon textual categories on images retrieved from the web.

which we task the model with also finding the background, while exploiting the
background cleaning procedure, and, on the right, three examples in which the
model has to assign a provided category to each pixel. The high quality of the
resulting masks demonstrates the efficacy of our approach, even on out-of-domain
images. From these examples, we can appreciate the capabilities of the model in
combining the knowledge from CLIP with the semantic localization of DINOv2
on unconventional concepts, such as fictional character names and proper nouns
of historical buildings.

Additional Qualitative Results. Finally, in Fig. 4.12 we report a set of qualitative
results on the five datasets used for the evaluation of the models, in addition
to the qualitative results depicted in Fig. 4.3. We compare the segmentation
masks of Talk2DINO with the ones of FreeDA, ProxyCLIP [166], and CLIP-
DINOiser [357], which represent our main competitors. In particular, we report a
pair of images from Pascal VOC with background and eight pairs of images from
Pascal Context, COCO Stuff, Cityscapes, and ADE20K, without background. As it
can be seen, these qualitative results further highlight the impressive segmentation
capabilities of Talk2DINO with both background and foreground categories.
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Figure 4.10: Comparison of DINOv2 with and without registers across different
visual backbones (ViT-S, ViT-B, and ViT-L). The results highlight how the ViT-B
and ViT-L backbones without registers exhibit artifacts that introduce noise during

the alignment process.
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Figure 4.11: Self-attention activations of different visual backbones (i.e., DINOv2,
DINO, MAE, CLIP).
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Figure 4.12: Additional qualitative results of Talk2DINO in comparison with
FreeDA, ProxyCLIP [166], and CLIP-DINOiser [357].






Chapter 5

Personalized Instance-based
Navigation

Imagine a scenario where your child wants their favorite teddy bear, and it has gone
missing somewhere in your house. In the near future, a “smart” domestic robot
could be tasked with finding it. The robot would begin exploring the environment
in search of the bear. However, this task goes beyond simply detecting the category
“teddy bear”: the robot must locate that specific instance, which may appear in
varying contexts, could be occluded or partially visible, and may be visually
similar to other toys. Solving such a task requires perceptual grounding of both
category-level and instance-specific concepts in realistic environments, informed
by both visual and linguistic cues.

This example highlights the challenge of personalized instance-based nav-
igation, a setting that demands not only object recognition but also the ability
to identify and distinguish specific object instances across varying scenes and
contexts. Throughout this thesis, we have explored the synergy between self-
supervised vision models and vision—language pretraining for open-vocabulary
semantic segmentation. In particular, we have shown how self-supervised models
like DINOvV2 exhibit strong spatial localization capabilities and can be connected
to textual representations via prototypes or alignment functions, as demonstrated in
FOSSIL, FreeDA, and Talk2DINO. In this chapter, we expand upon these findings
by exploring a complementary capability of DINOv2: its ability to localize the
same visual instance across different environmental contexts based solely on patch-
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level similarities. This demonstrates that, beyond its utility for vision—language
bridging, DINOV2 also excels at fine-grained visual matching in realistic embodied
settings, a key requirement for achieving reliable personalized navigation.

In this Chapter, we introduce Personalized Instance-based Navigation (PIN), a
new benchmark that extends the embodied Al paradigm to personalized instance-
level object localization in realistic indoor environments. Unlike traditional nav-
igation tasks that rely on predefined categories or contextual cues, PIN requires
agents to identify and reach a specific object instance using visual references (i.e.,
images of the target object) and optional textual descriptions. This setting opens
up new opportunities for leveraging the open-vocabulary and spatial reasoning
capabilities of vision-language and self-supervised models, pushing the boundary
of embodied Al toward more human-centric interaction.

5.1 PIN

Where is my Teddy Bear?

Visual References

' X 3

Textual References

Distractors

T,

= a white teddy bear sitting on its hind legs
* a beige and grey teddy bear

= a cream colored teddy bear with light
blue nose and small black rounded eyes

Figure 5.1: We introduce the PIN task, where the agent is asked to navigate toward
a personalized object instance using multimodal references and distinguish it
from distractors (i.e., other objects of the same category as the target or of other
categories). The target object, same category distractors, and other distractors
are circled, respectively, in green, orange, and red. The total number of available
objects in the dataset is 338, corresponding to different instances of 18 object
categories.

The majority of current object-driven navigation tasks in Embodied AI define
their goals as a general semantic category represented through text [6, 17, 344]
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CEINT3

(e.g., “chair”, “sofa”) or as a specific target instance defined by an image or
description including the surrounding context in which the object can be found [22,
62, 150, 160, 429]. Moreover, these datasets rely on objects that were present at
the time of acquisition of the environment [21, 40, 76, 150, 160, 212, 274, 358,
373]. On the contrary, procedurally generated environments can freely contain
additional objects and annotations [78, 80, 157, 180]. However, the appearance
discrepancy between these environments and the real world or photo-realistic
environments could affect the performance of the agents when deployed on robotic
platforms [141]. Previous work has proposed loading additional 3D objects inside
photo-realistic environments [213] to improve agent navigation performance, to
allow object interaction in static environments [282], or to enable navigation
towards multiple goals [344]. However, no previous work has targeted loading
objects that can be moved frequently and can appear in multiple contexts, since
loaded 3D models are kept in their initial spawn position.

To overcome these issues, in this Section we propose the novel task of Person-
alized Instance-based Navigation (PIN), where the agent needs to locate and reach
a specific personalized target instance in the environment provided as reference im-
ages and textual descriptions, without information about the surrounding context.
An overview of PIN is shown in Fig. 5.1. In parallel with the definition of the task,
we release PINNED (Personalized Instance-based Navigation Embodied Dataset),
a dedicated dataset of episodes for this setting that leverages the main advantages
of both photo-realistic and procedurally generated embodied environments. In
each episode, along with a unique target instance, distractor objects are placed in
the scene to confound the navigation of the agent. Specifically, we built the dataset
on top of the semantic annotations [373] and scenes of Habitat-Matterport3D
Dataset (HM3D) [253] with the injection of additional photo-realistic 3D objects
accurately selected from Objaverse-XL [79]. The objects are positioned in each
environment through a procedural spawning method on predefined suitable sur-
faces. PInNNED comprises 865.5k training episodes and 1.2k validation episodes
built on top of 338 additional objects.

Finally, we adapt and test available navigation agents on the proposed dataset,
showcasing the shortcomings of relevant approaches. In particular, we compare
the performance of the two main categories of navigation agents for object-driven
navigation, modular and end-to-end approaches, where we demonstrate that the
versatility of modular methods leads to superior performance compared to the end-
to-end counterparts; still, the task is far from being resolved. These experiments
assess the difficulties posed by PIN task, highlighting the need for further research
on the topic.
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Table 5.1: Comparison of the different object-driven datasets for embodied nav-
igation, considering the photo-realism of scenes and targets, the availability of
additional objects with variable spawn locations, the modalities of the provided
references, and whether the dataset is instance-oriented.

Photo-Realistic ~ Photo-Realistic ~ Additional Visual Descriptive ~ Variable  Instance
Dataset Scenes Targets Objects Reference  Reference  Placement Goal
MP3D [40] v v X X X X X
AI2-THOR [157] X X v X X X
Gibson [358] v v X X X X X
Robo-THOR [78] X X v X X v X
MultiON* [344] v X v X v v X
HM3D [253] v v X X X X X
ProcTHOR X X v X X v X
ION [180] x X v X v v v
THDA [213] v v v X X v X
ZSON [212] v v X X v X X
InstancelmageNav [159] v v X v X X v
ZIPON [76] v v X X v X v
GOAT-Bench [150] v v X v v X v
PInNED (Ours) v v v 4 4 v v
5.1.1 Task

In this section, we outline the Personalized Instance-based Navigation task, high-
lighting its key characteristics and comparing it to existing embodied tasks. Fol-
lowing, we detail the composition and generation process of the PINNED dataset.

5.1.1.1 Task Definition

The PIN task requires the agent to navigate toward a predetermined specific object
instance (e.g., “a yellow backpack with red straps”) in an unexplored environment.
Each target object needs to be found in the environment, distinguishing it from
multiple distractors of the same category and other objects of different categories.
In this setting, the target object can be provided to the agent in two different
modalities: (i) as a set of RGB images depicting the target object rendered in an
isolated context on a neutral background, and (ii) as a set of textual descriptions of
the object instance appearance.

At the beginning of each episode of PIN, the agent is initialized at a random
pose x in an unseen environment. A single target instance o' is selected as
the goal g, such that g € C'® C O, where C'® is a set of instances belonging to
the same object category and O is the set of all available objects. The goal g
is placed in the environment at a position z. Additionally, n distinct instances
o’ (07 € C* Ni # j) are positioned in the environment, along with m distinct
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instances o* (0¥ € (O \ C%)). At the end of the episode, the navigation is
considered successful if the agent selects the ‘stop’ action before the maximum
allowed number of timesteps 7', with an Euclidean distance between the position
of the agent at the current timestep x; and the target position z lower than 1 meter.
The action space of the agent for the task is defined by six possible actions, where
at each timestep ¢, the action a; € {‘stop’, ‘move ahead’, ‘turn left’, ‘turn right’,
‘tilt up’, ‘tilt down’ }.

Comparison with Other Tasks. The proposed task locates itself among Point-
Nav [6], ObjectNav [6, 17], ImageNav [62], and the recently defined task of
InstancelmageNav [160]. PIN exhibits similarities to ObjectNav, Instancelm-
ageNav, and the recently introduced GOAT-Bench [150]. However, it diverges
from the traditional ObjectNav task because, differently from the standard object-
ive of finding any instance of a general object category, PIN requires locating a
specific instance, such as “black and white striped trekking backpack” instead
of any “backpack”. PIN leverages zero-shot properties at the instance level, as
the object instances used for the training split differ from those included in the
validation episodes. This requires agents to focus on the specific characteristics
of the target object defined by the input references and avoid being misled by
instances of the same category that are not the actual target.

Furthermore, PIN differs from InstancelmageNav and GOAT-Bench in various
aspects. First, the target object is represented by a collection of images with
neutral backgrounds, rather than being shown in its current spatial context. In-
stancelmageNav and GOAT-Bench are based on a set of general object categories
that are included in the dataset of scenes and, therefore, these objects are static
and frozen in the 3D model of the environment. Instead, the peculiarity of PIN is
that it is created using a set of additional photo-realistic personal objects from a
collection of 3D objects that can be placed and moved in different locations of the
environment between different episodes. Using additional objects allows to avoid
reconstruction errors and artifacts that can distort the appearance of the target. This
unique characteristic compels the agent to discern and extract the defining features
of the target object while maintaining invariance to the surrounding context in
which it is situated since personal objects can be moved frequently and could be
placed in multiple suitable locations.

Similarly to GOAT-Bench, PIN provides a multimodal input to the agent,
including textual descriptions of the target instances alongside the images. How-
ever, GOAT-Bench ignores the presence of instances of the same category of the
target in the scene, whereas this is the core challenge of PIN. Additionally, it is
worth noting that while text alone can sometimes provide precise identification
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of the specific instance, it can also be ambiguous. Visual references, although
generally clearer, are not always available in real-world scenarios. Therefore, the
two modalities cover different real-world requirements and both deserve to be
studied. An extensive comparison of current object-driven dataset properties is
reported in Table 5.1, which presents the following columns:

- Photo-Realistic Scenes: the presence of photo-realistic scans taken from
real-world environments (e.g. the scenes of HM3D are built from scans of
real environments, while scenes in AI2-THOR are hand-built by professional
3D artists);

- Photo-Realistic Targets: the availability of photo-realistic objects that can
be used as navigation targets. In PInNED we carefully selected objects with
realistic appearances. Procedurally-generated datasets, instead, tend to favor
customizability over realism;

- Additional Objects: the inclusion of target objects that were not present at
the time of capture. Datasets like GOAT-Bench target objects which were
already present in the acquired scene, while PInNED targets objects injected
in the scene afterward;

- Visual Reference: providing visual target references for each navigation
episode;

- Descriptive Reference: providing natural language descriptions as targets for
each episode;

- Variable Placement: the possibility of having variable spawning positions for
the targets within the dataset;

- Instance Goal: the inclusion of navigation episodes in which the goal is to
reach the exact instance indicated to the agent.

Moreover, a qualitative comparison of goal objects observed in their position in
the environment from different datasets is depicted in Fig. 5.2.

Comparison with ProcTHOR. ProcTHOR [80] is a framework built on AI2-
THOR [157] to procedurally generate interactive environments, enabling the
evaluation of data augmentation and large-scale training in different Embodied Al
tasks. PINNED is a dataset designed specifically to study the newly introduced
PIN task, in which the agent is tasked with finding a specific instance according to
target images or textual descriptions.
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Table 5.2: Configuration of the main parameters used for executing each episode
of the PIN task contained in the PInNNED dataset.

Action Space Episode Configuration Depth Sensor
Sforward step 0.25 success distance 1.0 width 360
turn angle 30 max episode steps 1000 height 640
tilt angle 30 RGB Sensor hfov 42
Agent Configuration width 360 position [0, 1.31, 0]
visual sensors rgb, depth height 640 min depth 0.5
height 1.41 hfov 42 max depth 5.0
radius 0.17
position [0, 1.31, 0]

ProcTHOR includes 1,633 instances across 108 object categories, with the
ability to vary brightness, colors, materials, and object states. These categories
include several household objects, covering generic objects, such as ‘pen’ or
‘apple’, objects that can be personal, such as ‘mug’ and ‘watch’, and large objects
that are unlikely to change their placement in the environment, such as ‘fridge’,
and ‘window’. PInNNED presents 18 object categories that can be personal, with the
specific purpose of accompanying the task in which the agent has to distinguish
instances belonging to the same category. All the categories represent objects that
can be moved frequently in the environment and do not have a predefined location.

As well as most procedural datasets, ProcTHOR sacrifices realism in favor of
interactivity, scalability, and customizability. PINNED, as a task-specific dataset,
favors photo-realistic environments and objects. Indeed, it is the first instance-
based navigation dataset based on both photo-realistic environments and injected
objects, that can be moved frequently and with multimodal targets. Interactivity
with the objects is out of scope for this work, however, the addition of external
objects paves the way for possible future enhancements where interactivity is
needed.

Configurations. Table 5.2 presents the relevant hyperparameters employed for
executing each episode of the PInNED dataset. The configuration used for a PIN
episode comprises a maximum duration of 1,000 time steps, with the agent’s
action space defined by discrete forward steps of 0.25 m, a turn angle of 30°, and a
head tilt angle of 30°. Each episode is considered successful if the position of the
agent is within 1 meter from the position of the target object, and it predicts the
‘stop’ action before the end of the time step budget. The configurations used for
the navigation experiments reflect the settings employed to simulate the camera
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Figure 5.2: Comparison of observations depicting different target objects of
PInNED dataset with the target objects of InstancelmageNav, MultiON, and
GOAT-Bench datasets.

sensors and space occupation of the HelloRobot Stretch! platform.

5.1.1.2 Dataset

Categories and Instances. We selected a pool of 18 object categories from the
assets contained in Objaverse-XL dataset [79]: ‘backpack’, ‘bag’, ‘ball’, ‘book’,

‘camera’, ‘cellphone’, ‘eyeglasses’, ‘hat’, ‘headphones’, ‘keys’, ‘laptop’, ‘mug’,
‘shoes’, ‘teddy bear’, ‘toy’, ‘visor’, ‘wallet’, ‘watch’, for a total of 338 additional

objects. Each category contains an average of 18.8 objects, with a standard
deviation of 5.5. The 3D objects are selected with human supervision to ensure
photo-realism and uniqueness, which are critical requirements for tackling the
PIN task. Finally, the 3D models of the objects are manually rescaled to have
comparable dimensions to their real-world counterparts. In this procedure, we

Uhttps://hello-robot.com/stretch
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Table 5.3: Statistics about the number of distractors placed in the episodes of
the training and validation sets of PINNED dataset. We consider the distractors
belonging both to the same category of the target and to other categories.

# of Distractors Same Object Category Other Categories
Train Val Train Val
Max 6 3 13 10
Average 2.93 2.90 7.75 7.19
Standard Deviation 0.33 0.37 2.84 2.82

rendered each given object in a scene from HM3D and varied the scale of the
object until the result was realistic according to our judgment. Hence, each of the
338 additional objects has a manually fixed scale that is adopted when the object
is injected into the navigation episodes.

Input References. The input images for each target personalized object are gener-
ated by rendering the 3D mesh of the object in an isolated setting. Specifically, the
input images are not expected to match the camera specification of the navigating
agent [160]. The digital camera undergoes a 30-degree yaw rotation to capture
a favorable perspective of the objects. Each instance is then rotated 180 degrees
in yaw to view its reverse side, followed by a 90-degree pitch rotation to observe
the object from above. This procedure produces a set of three input images for
each target object. An illustration of the acquired reference images is displayed
in Fig. 5.3. Moving on to the textual references, manually annotated descriptions
are produced for each target personalized object with the scope of highlighting
the details that allow the agent to distinguish it from other instances of the same
category. Specifically, we provide three descriptions for each personalized object
in the PInNED dataset. To annotate the descriptions, we provided two object in-
stances at a time to the annotators, asking them to describe one of the two objects
in such a way that it is distinguishable from the other. This procedure results in a
total of 960 unique words and an average of 10.7 words per description.

Additionally, we present samples including both visual and textual modalities
for the input references associated with some of the object instances of PINNED
dataset in Fig. 5.12 and Fig. 5.13. In particular, we show the three views composing
the set of visual references and the three manually annotated descriptions for the
textual references.

Scenes. The benchmark defined by the PIN dataset is situated in the indoor
photo-realistic scenes (e.g., apartments, offices, houses) within the semantically-
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Figure 5.3: Sample visual references of personalized targets from PInNED dataset.
We include three instances from each object category used in the benchmark.

annotated subset [373] of Habitat-Matterport3D (HM3D) [253] which consists
of 145 environments for the training split and 36 for validation set. However,
one validation scene is ignored as it represents an art gallery and has no suitable
spawnable surfaces. HM3D was selected due to its status as the largest publicly
available dataset of semantically annotated indoor spaces with photo-realistic
quality for embodied navigation.

Episode Generation. During the generation of the dataset, the bounding boxes
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Figure 5.4: Plots of the distance statistics for the splits of PInNED dataset. The
episodes of the training ( ) and validation splits (blue) are presented in terms
of geodesic distance from the start position to the target object (left) and to all the
distractors (right). All the distances are plotted in meters, and the mean value of
each plot is shown on top.

of the surfaces in the environment are extracted using the semantic annotations
of the scene. To obtain the bounding box from the texture, we extracted the point
cloud 3D model of each scene and ensured that each point retained its associated
annotation color. Subsequently, points were clustered by annotation color to create
the bounding box associated with each piece of furniture. The spawning position
of each object is selected by sampling from the positions of a curated set of suitable
surface macro-categories included in the semantic annotations of HM3D. The
surface categories selected for the creation of the dataset are: armchair, bed, bench,
cabinet, piano, rug, sofa, table. These specific surfaces are chosen because of the
high probability of personalized objects being positioned on top.

In each episode of the PINNED dataset, a single instance of a specific category
is chosen as the target object. Consequently, up to 6 instances belonging to
the same category, and up to 13 objects from other categories, are added to the
environment as distractors. All additional objects placed in the environment are
constrained to be on the same level/floor as the agent by selecting spawnable
surfaces with a bounding box position within 0.5 meters from the starting position
of the agent along the vertical axis. For each environment in the training split,
a set of 400 episodes is sampled for each one of the possible categories. For
the generation of the validation split, each target category is used twice. Finally,
episodes where the target object is not reachable by an agent following the shortest
path are removed from the dataset. The resulting dataset for PIN is defined by a
total of 865, 519 generated episodes for the training split, while the validation split
contains 1, 193 episodes.

In Table 5.3, we provide statistics on the number of distractors placed in the
training and validation episodes of PINNED dataset. During the generation of PIN
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Figure 5.5: Euclidean distances of the objects included in the episodes of training
( ) and validation (blue) splits of PINNED dataset. The plots consider the
distances from the start position to the target object (left) and to all distractors
(right). Distances are measured in meters, with the mean value for each plot
displayed at the top.
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Figure 5.6: Plots of the geodesic and Euclidean distances for all the objects placed
in the episodes of PInNED dataset. Training ( ) and validation splits (blue)
are presented in terms of distances from the start position to all the spawned
additional objects. All the distances are plotted in meters, and the mean value of
each plot is shown on top.

episodes, a maximum number of distractors, both from the same category as the
target instance and from other categories, is sampled from the set of available
objects. The final number of additional objects in each episode is determined by
the number of suitable surfaces and the available space on these surfaces. During
the dataset generation process, objects are positioned above these surfaces and
lowered until they contact the surface. If an object cannot be initially placed
due to size constraints or collisions with other elements or walls, the placing
process for that object is aborted, and another one is sampled from unused object
instances. After the generation of the dataset of episodes, an additional assessment
is performed through the Habitat simulator to remove the episodes containing
objects that are not reachable from the starting position of the agent.

Object Distances. The geodesic distances of the target and distractors from the
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Table 5.4: Ratio of the part of the sample images depicting each target object
category in comparison with the area of the full image and the percentage of
activations of the open-set object detector. The perthousand object/image ratio
is computed using both the segmentation mask and the bounding box of each
target objects. The activation ratio of the object detector is instead computed as a
percentage.

Category %oSegMask  %oBBox %o Act Category %cSegMask  %oBBox Yo Act
Backpack 12.76 16.56 48.55 Keys 0.16 0.34 0.17
Bag 8.10 12.81 47.26 Laptop 7.20 12.25 56.84
Ball 4.54 5.96 33.33 Mug 1.28 1.54 1.33
Book 3.73 5.06 16.03 Shoes 3.49 5.53 19.35
Camera 1.99 2.59 4.76 Teddy Bear 12.36 20.78 78.85
Cellphone 0.75 0.80 1.28 Toy 4.30 9.68 13.78
Eyeglasses 0.49 1.22 3.69 Visor 271 4.57 0.64
Hat 3.34 5.97 11.60 Wallet 0.85 1.05 2.05
Headphones 3.36 5.84 11.72 Watch 0.30 0.52 0.80

starting position of the agent in the episodes of PInNED are shown in Fig. 5.4. In
the figure, the distribution of the distances of targets and distractors significantly
overlaps, hence prior information on the target object distance is hardly exploitable.
Fig. 5.5, insteadm presents a plot depicting the Euclidean distances of target
objects and distractors from the starting position of the agent in the episodes
of both training and validation splits of PInNNED datase, showing a consistent
distribution of the distances of the additional objects with the geodesic distances.
Furthermore, the plots of the distances of all additional objects (target instances
and distractors) are presented in Fig. 5.6.

Object Selection and Distribution Criteria. The scope of PIN is to provide a
benchmark to evaluate an agent tasked with finding a specific object that can be
located anywhere in an unexplored environment, where distractors of the same
category are present; hence, the object categories are selected according to the
following criteria: (i) objects that are highly customizable in terms of shapes,
colors, and other visual aspects, (ii) objects that are frequently moved and can be
placed anywhere, and (iii) objects of common use for which is reasonable to ask a
robot to find.

Object Size Analysis. Taking into account that personalized objects are defined as
predefined instances with distinct characteristics, the primary challenge in the PIN
task lies in effectively recognizing these specific details, especially when dealing
with subtle features and limited interaction capabilities within the environment. In
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Figure 5.7: Distribution of the volumes in meters of the bounding boxes of the
objects in PInNED dataset. Two plots are shown for each semantic category,
reflecting respectively the objects of training (orange) and validation (blue) splits.
Each plot is accompanied by the corresponding mean of bounding box volumes of
the objects in each split.
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this analysis, we present a category-wise size analysis of the objects in the dataset
by computing and measuring the 3D bounding box of each object. In Fig. 5.7, we
plot the distribution of the volumes of the bounding boxes associated with each
object category, showing that the distributions between training and validation
splits remain consistent.

Surfaces Details. As described in Sec. 5.1.1.2, the spawning position of each
object in the PINNED dataset is selected by sampling from the positions of a
curated set of suitable surface macro-categories included in the semantic annota-
tions of HM3D. The surface categories selected for the creation of the dataset
are: armchair, bed, bench, cabinet, piano, rug, sofa, table. These surfaces are
valid for all the object categories and there are no subsets of surfaces dedicated to
specific categories. There are categories, especially *shoes’, that are unlikely to
be placed on certain surfaces. However, the scope of the task is to have objects
that could be placed everywhere and teach a robotic agent to find them. A teddy
bear is not necessarily located on the bed, but could be located anywhere, even on
the kitchen table. If we assume a real-world scenario in which a child forgets the
teddy bear on the kitchen table, the agent should not go directly to the bedroom,
but look for the object in the whole environment. This is the reason for which we
adopted a consistent spawning mechanism across all the categories. We identify
this combination of objects that could be placed everywhere and the consistent
spawning mechanisms as the correct approach for providing a dataset covering
a large set of possible real-world scenarios that avoid the exploitation of prior
knowledge on the object placement.

In Fig. 5.8, we showcase the occurrences of the suitable surfaces in the envir-
onments of HM3D [253]. Notably, the distribution of spawnable surfaces remains
consistent between the training and validation splits. This implies a recurring
pattern in the furnishing of indoor spaces contained in the HM3D dataset and used
for the PIN task.

5.1.2 Baselines

In this section, we present the set of approaches that are revisited and tested on
our introduced PInNED dataset. These methods are recent object-driven methods
and can be grouped into two categories: (i) modular agents that decouple the
navigation task into specialized sub-modules and (ii) end-to-end agents based
on a monolithic policy trained using reinforcement learning. Fig. 5.9 shows an
overview of these two approaches.
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Figure 5.8: Plot of the mean number of surfaces in each environment that are
suitable for object placement in the training (left) and validation (right) splits of
the PInNED dataset.
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Figure 5.9: Overview of the baselines designed for the PIN task: modular agent
(on the left) and end-to-end agent based on a monolithic reinforcement learning-
based policy (on the right).

]

5.1.2.1 Modular Agents

In recent years, modular agents gathered an increasing interest in various embodied
settings. These agents tackle the high-level navigation tasks by decoupling them
into a chain of specialized sub-modules, each of which handles a smaller task.
Specifically, Chaplot et al. [42] proposed SemExp, a modular agent designed for
the ObjectNav task composed of three main modules: exploration, object detection,
and exploitation. The core idea is that the agent explores as much as possible the
unseen environment while the detection module localizes the semantic objects in

126

Bridging Vision and Language for Open-Vocabulary Segmentation



CHAPTER 5. PERSONALIZED INSTANCE-BASED NAVIGATION

the acquired observations. Inspired by this approach, Mod-IIN [159] and CLIP
on Wheels (CoW) [105] adapt the detection module to handle specific instances
and open-vocabulary targets, respectively. For our modular agent baselines, we
consider the same exploration and exploitation modules used in these previous
works, while changing and adapting the object detection module for the PIN task.

Exploration Module. The exploration module is entitled to explore the unseen
areas of the environment with the scope of encountering the target object. As in
Mod-IIN and CoW, we adopt a frontier-based exploration (FBE [374]) approach.
The agent builds an occupancy map of the environment during navigation, and
at every time step, if the goal is not detected, the unexplored frontier on the map
which is closest to the agent is selected as the current goal.

Object Detection Module. The object detection module receives the visual or
textual references and the current RGB observation of the agent. Then, it is tasked
with providing (i) a matching score that, whether it exceeds a certain matching
threshold o, determines that the goal has been recognized; and (ii) a series of
coordinates on the observation which correspond to where the goal is located,
that are used by the exploitation module to project the goal on a 2D map. We
select three categories of approaches to implement this module:

* Keypoint Matching: In this category, the visual target references and the
current RGB observation are provided to a keypoint matching method. We
tested SuperGlue [273], following the approach proposed by Mod-IIN [159],
and the framework introduced in IEVE [170]. In particular, SuperGlue out-
puts a confidence score for each matched keypoint pair. We use the sum
of these confidences as the matching score and the keypoints that exceed
a given confidence threshold 7 as the localization coordinates. Regarding
the Exploration-Verification-Exploitation framework proposed in IEVE, we
adapted some components to match the different requirements of our task. Spe-
cifically, we first collected an auxiliary dataset, which includes, for each goal
in the training set, 10 positive samples and one negative sample containing a
distractor from the same category as the goal. We trained Internlmage [336]
to classify the 18 categories of our dataset using the goal images of the train-
ing set. Instead of the Internlmage segmentation model, since, to the best
of our knowledge, no segmentation dataset contains all our categories, we
adopted the open-vocabulary segmenter GroundedSAM [261]. For the image-
matching step, we exploited LightGlue [193] on the keypoints extracted with
DISK [318] as in the original IEVE paper.

* Patch-level Matching: A Vision Transformer (ViT [91]) encoder divides an
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image into patches and extracts patch-level embeddings. Hence, we extract
a goal embedding from each reference and compute the cosine similarity
with the patch-level feature vectors of the RGB observation. If at least a
patch has a similarity that exceeds the matching threshold o, the goal is
considered detected. The center coordinates of these patches are used as the
goal localization result. For the visual references, we employ DINO [37],
DINOV2 [234], and CLIP [249] performing a region pooling over the reference
objects to obtain goal feature vectors. For the textual references, a text-aligned
multimodal encoder is required. Hence, we employ CLIP and, inspired
by [105], CLIP with gradient relevance [46] (CLIP-Grad). We assume the
mean embedding of the set of prompt templates used in CoW applied to the
target descriptions as the target feature vector.

* Detection Model: We consider detection models that produce output regions
according to a given reference. Specifically, we consider PerSAM [409]
(both in the standard and one-shot finetuned versions) and OWL [221], which
localize regions according to, respectively, visual and textual references. As
in CoW, we exploit the output confidence to determine whether the goal has
been detected and return the central coordinates of the region as the goal
localization result.

Exploitation Module. The exploitation module takes control of the navigation
when the goal is recognized in the current observation. After detecting the target
object at a given location, the exploitation module is triggered and computes
the route to reach the target object. The goal position provided by the object
detection module is projected into an occupancy map, and the Fast Marching
Method [43, 277] is used to plan the path from the current position of the agent to
the detected goal position. When the agent reaches the goal position, the ‘stop’
action is called to conclude the episode.

5.1.2.2 End-to-End Agents

In contrast to modular agents, end-to-end approaches train a neural network policy
to process sensor input and predict the atomic actions needed to complete the
required task. We consider two recent approaches for embodied navigation and
adapt them for the Personalized Instance-based Navigation task: (i) ZSON [212],
which pre-trains an ImageNav agent and evaluates downstream on ObjectNav
leveraging the capabilities of CLIP multimodal embeddings; and (ii) RIM [53],
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which employs a Transformer-based architecture [322] that is trained using auxili-
ary tasks and uses a recursive implicit map that is updated during the navigation for
the ObjectNav task. We finetune both approaches on PINNED dataset. Specifically,
ZSON is adapted to use image references as input during its ImageNav pretrain-
ing phase. While, for RIM, we employ two finetuning strategies: conditioning
the navigation on textual features extracted from the reference descriptions and
conditioning on visual features extracted from the image references. The features
produced using both modalities of PInNED references are extracted using CLIP.

5.1.3 Experiments

In this section, we present the implementation details and an experimental analysis
of the selected baselines on the PIN task, discussing the set of metrics used to
effectively evaluate the performances and the obtained results.

5.1.3.1 Implementation Details

Modular Agents. The ability of modular agents to distinguish a specific instance
in a given observation depends on the score threshold that maximizes the detection
results. We tune this threshold on a subset of the training episodes. For all the
backbones except for SuperGlue [273], we extract two squared crops with size
360 x 360 from the 360 x 640 observation and resize them to the image resolutions
on which the backbones have been trained. Then, we consider all the matches
resulting from the two crops. At least a match over the threshold is required to
consider the goal detected in an observation. For the textual modalities, we employ
the 80 prompt templates proposed by Radford ez al. [249] for ImageNet [81]. In
this section, we report additional implementation details for each backbone.

* SuperGlue [273]: We observe that SuperGlue struggles to match the visual
references with the observations of the agent and that the resolution of the
references influences the matching capabilities. In particular, we provide the
visual references to SuperGlue as squared images 360 x 360, corresponding
to the shortest side of the observation of the agent. For each visual reference,
namely for each of the three views of the object, we provide two resizes of the
object such that the longest side is, respectively, 360 and 180. This procedure
results in two reference images for each view of the object, an image entirely
occupied by the object and an image where the object occupies a quarter
of it. In Table 5.8 we show that this approach results in a higher success
rate than having a single image per object view. Moreover, we employ the
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indoor weights of SuperGlue with a threshold of 0.2 on the confidence of each
matched keypoints pair and a matching threshold ¢ of 8.0 on the confidence
sum of all the matched keypoints pairs.

e CLIP [249]: We employ CLIP ViT-B/16 with the pre-trained weights from
OpenAl for both the experiments with visual and textual references. We
resize the two observation crops to 224 x 224, resulting in a grid of 14 x 14
patches. The best matching threshold o for the visual and textual modalities
are, respectively, 0.575 and 0.28.

e CLIP-Grad: We follow the implementation of the network interpretabil-
ity method proposed in CoW [105] on top of CLIP with textual references.
We employ CLIP ViT-B/32 with the pre-trained weights from OpenAl and
matching threshold 0.85.

* OWL [221]: OWL is an open-vocabulary detector that is trained in two
steps: (i) a large contrastive image-text pre-training following LiT [399] and
(ii) an object-level training on publicly available detection datasets (Open
Images V4 [163], Objects 365 [279], and Visual Genome [161]). We employ
a matching threshold of 0.25 applied to the predicted bounding box scores.

* DINO [37)/DINOvV2 [234]: DINO is a self-supervised backbone pre-trained
according to a self-distillation training paradigm. DINOV2 is an improved
version of DINO with the aim of producing general-purpose visual features.
We employ DINO ViT-B/16 and DINOv2 ViT-B/14 trained, respectively,
on ImageNet-1k [81] and LVD-142M [234]. We use the same input image
resolutions on which they are trained, namely 224 x 224 and 518 x 518,
producing 14 x 14 and 37 x 37 grids of patches. The best matching scores
are, respectively, 0.575 and 0.5.

* PerSAM/PerSAM-F [409]: We leverage the implementation of PerSAM
on SAM ViT-B/16, trained on SA-1B, with input image resolution at 1, 024.
PerSAM-F is a variant of PerSAM that fine-tunes the model on the reference
image, We follow the training configuration of the original implementation.
We consider the maximum patch-level similarity between the reference im-
ages and the observation crop as the matching score on which we apply the
thresholds 0.925 and 0.61 for, respectively, PerSAM and PerSAM-F.

End-to-End Agents. As mentioned in Sec. 5.1.2.2 end-to-end approaches use
a neural network policy which is trained end-to-end to directly process sensor
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observations and predict the atomic actions needed to fulfill the required task. In
our case, we adapted two recent end-to-end approaches for ObjectNav, finetuning
them to perform PIN task: RIM [53] and ZSON [212].

RIM [53]: The model is finetuned using behavior cloning following Chen et
al. [53] approach and starting from the pre-trained weights for ObjectNav [17].
We evaluate two variants of the fine-tuned model, conditioned on visual
features and conditioned on textual features. In RIM approach, besides the
episodic implicit map that is updated recursively, the input of the policy at
each timestep is composed of the concatenation of the features extracted from
RGB and depth observation, the pose of the agent, previous action, and the
target object category. To adapt RIM for the PIN task, we modify the features
extracted from the object category label. Originally each label is associated
with a row in a lookup table containing learnable embeddings of length 32. In
our adaptation, we replace such embeddings with CLIP (ViT-B/16) features
extracted using the visual or textual references. Since each input reference
modality is described by 3 images or descriptions, we compute the mean of
the features extracted from each reference. Following, a learnable linear layer
is trained to project CLIP features to a vector of length 32. The resulting
embedding is used to condition the navigation of the RIM agent. The fine-
tuning process is performed on a single GPU for a total of ~ 2M fine-tuning
steps over ~ 24 hours.

ZSON [212]: For the adaptation of the ZSON method, we fine-tuned the
model pre-trained on the ImageNav task, following the same approach as
Majumdar et al. [212]. The agent is fine-tuned with reinforcement learning
using an adaptation of ZSON reward but ignoring the angle to the goal since
it is not a component considered in the PIN task. The resulting reward is
Tt = Tsuccess — Ddtg + Tsiack- We refer to Majumdar ez al. [212] for a
description of the components of the reward. Moreover, while the original
approach uses ImageNav goals that are represented as photos captured at the
position that the agent is required to reach, we used image references of the
target instance to perform the fine-tuning. The model is fine-tuned on a single
GPU for ~ 24 hours for a total of ~ 5M fine-tuning steps.

Compute Information. We performed our experiments on a computing platform
composed of NVIDIA RTX5000 GPUs and 8 GB of CPU memory for each job.
A job can be computed on a single GPU. Each episode step for the modular
agents requires an average of ~ 200ms to be executed. Hence, the entire DINOv2
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Table 5.5: Navigation results on PInNED on the environments of HM3D dataset,
considering the presence of distractors from the same category. Bold text denotes
the best performance among each category of approaches.

Navigation Metrics Detection Metrics
Backbone Modality SRt SPLt CE| D2GJ| Steps %Matcht TM1 CM| NM|

Modular Agents
CLIP [249] ViT-B/16  Textual 310 1.82 931 794 503.1 62.95  20.07 22.07 57.86
CLIP-Grad [105] ViT-B/32  Textual 453 242 695 794 4658 7795 4.65 721 84.14
OWL [105, 221] ViT-B/32  Textual 729 336 1266 790 871.7 2297  62.60 32.88 4.52
SuperGlue [159, 273] - Visual 327 128 738 836 804.0 2942 1696 3.44 79.60
IEVE [170] - Visual 352 3.07 1225 773 7121 30.03  32.39 16.01 51.60
PerSAM [409] ViT-B/16  Visual 277 1.81 6.53 820 3625 81.98 1.15 10.43 88.42
PerSAM-F [409] ViT-B/16  Visual 193 128 5.63 8.12 3213 36.13  0.60 13.48 85.92
DINO [37] ViT-B/16  Visual 402 171 6.88 828 826.0 23.89 6273 1.36 3591
CLIP [249] ViT-B/16  Visual 9.64 539 1333 7.79 6235 5851  32.53 16.35 51.12
DINOV2 [234] ViT-B/14  Visual 14.84 7.94 26.15 7.28 658.7 55.74  55.33 42.00 2.67
End-to-end Agents
RIM [53] ResNet-50 Textual 712 6.67 1044 843 409.3 -
RIM [53] ResNet-50  Visual 8.80 6.80 1341 848 402.1 -
ZSON [212] ResNet-50  Visual 9.14 718 21.12 7.00 389.9 -

experiment on the 1, 193 validation episodes, with an average number of steps
equal to 658.7, requires ~ 44 computation hours. The entire evaluation on the
validation split for the end-to-end agents requires ~ 5 computation hours.

5.1.3.2 Evaluation Metrics

Traditional metrics for object-driven embodied navigation are success rate (SR)
and success rate weighted by path length (SPL). SR is the ratio between the
number of episodes where the agent successfully reaches the target object within a
maximum distance of 1 meter and the total number of episodes, while SPL weighs
the success rate with the length of the path taken by the agent. Moreover, we report
the average number of steps taken by the agent and the average distance from
the goal (D2QG) at the end of each episode. The agent designed for tackling the
PIN task should be able to distinguish whether the target object is present in the
current observation while exploring the unseen environment and correctly localize
it, within the timesteps budget 7" (set to 1,000). The main challenge is represented
by distractor instances belonging to the same category as the target object. Hence,
we introduce the category error (CE) metric, which measures the percentage of
episodes in which the agent stopped within one meter from instances belonging to
the same category of the goal.
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Table 5.6: Navigation results on PInNED on the environments of HM3D dataset,
without considering the presence of distractors from the same category of the target.
Bold text denotes the best performance among each category of approaches.

Navigation Metrics Detection Metrics
Backbone Modality SRT SPLtT D2G| Steps %Matcht TMT NMJ|

Modular Agents

CLIP [249] ViT-B/16  Textual 335 186 8.01 5165 61.86 22.83 77.17
OWL [105,221] ViT-B/32  Textual 822 3.18 7.88 9299 13.83 9391 6.09
CLIP [249] ViT-B/16  Visual 11.15 592 7.65 666.2 5256 35.57 64.43

DINOv2 [234]  ViT-B/14  Visual 23.13 11.61 6.62 7845 38.64 96.09 3.91

End-to-end Agents
RIM [53] ResNet-50  Textual 746 687 794 487.1

RIM [53] ResNet-50  Visual 10.35 7.53 775 4759
ZSON [212] ResNet-50  Visual 10.39 8.00 6.91 460.1

In modular agents, the ability to detect the correct instance resides in having
large matching scores when the target is present in the observation and small
scores when the target is absent. Since in these agents it is possible to determine
whether a given observation matches, we compute four additional metrics: the
percentage of episodes with at least a detected match (%Match), the percentage
of matched observations that contain the target object (TM), an instance of the
same category of the target (CM), or no relevant objects (NM).

5.1.3.3 Experimental Results

Personalized Instance-based Navigation Experiments. In Table 5.5, we present
the results on the PIN task. Among modular agents, DINOv2 performs best
according to SR and SPL. The high values of TM, CM, and CE show that the
obtained matches usually refer to the same category of the target instance. The
same reasoning can be applied to OWL for the modular agents using textual
references. However, OWL produces fewer matches as can be noted from the
9%Match metric. Models such as SuperGlue, PerSAM, and PerSAM-F, which
exhibit low SR and TM, have also a corresponding high NM, demonstrating that
they are not able to provide significant matching scores for distinguishing the
correct instances or even the correct categories. It is noteworthy that SuperGlue
struggles to match the instances of PInNED, which are represented on a neutral
background, contrary to InstancelmageNav [159], where the reference image is a
photo of the object in the same context in which it is located. Regarding PerSAM
and PerSAM-F, the results show that the feature space of SAM [153] is not
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informative enough to understand whether an instance is present in an observation.
IEVE shows an improvement with respect to the other image-matching modular
agent, based on SuperGlue. This is motivated by the fact that IEVE, differently
from other image-matching approaches, combines LightGlue with a semantic
detector, allowing the agent to focus only on observations that contain objects of
the target category. This behavior is confirmed by the increased numbers of target
matches, category matches, and category errors.

Moreover, end-to-end agents tend to perform worse than modular agents.
This can be attributed to the imitation training performed using the ground-truth
trajectory to the goal. Since in the PIN task the target instances can be placed in
multiple locations, it is not possible to exploit prior semantic knowledge about
the estimated location of the target instance. Moreover, end-to-end agents tend
to struggle in backtracking and in recovering the navigation when moving in the
wrong direction. This behavior can also be noted from the path length, which for
end-to-end agents is shorter than modular agents, that continue the exploration
until the whole environment is observed.

Ablation on Category Distractors. In Table 5.6, we introduce an ablation study
in which we remove the distractors belonging to the same category of the target
instance. Overall, metrics for all the agents improve because the presence of these
distractors represents the core challenge of the PIN task. In particular, DINOv2
improves by 8.29 with respect to the main experiments, demonstrating that it
embeds strong semantic correspondence properties among the same category,
but that it is not trivial to identify a threshold that clearly distinguishes specific
instances. The impact of same-category distractors on end-to-end agents is minor
since they are finetuned to identify the correct instance.

Modular Agent Activations. In Fig. 5.10 we present a comparison of the sim-
ilarities computed between the patch-level features of different backbones on
the observations of the agent and the references. In particular, we show these
similarities on DINOv2 [234], DINO [37], CLIP with visual references, and CLIP
with textual references [249]. The resolution of the similarities extracted from
DINOV2 is higher than the others since we employed the input resolution 518 x 518
on which the ViT-B/14 model has been trained, which corresponds to a grid of
37 x 37 patches, whereas DINO and CLIP are based on a ViT-B/16 backbone with
224 x 224 as input resolution. It is noteworthy that DINOv2 exhibits strong se-
mantic localization properties, with high similarity values on the exact location of
the image on which the target is observed. On the contrary, DINO and CLIP tend
to exhibit less well-localized similarities. Moreover, CLIP with visual references
has a high similarity on the patches corresponding to the laptop in the observation,
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 Sua

Reference Observation DINOvV2 DINO CLIP (Visual) CLIP (Textual)

Figure 5.10: Comparison of the similarities between the patch-level features on
two observations of an agent extracted with different backbones, DINOv2, DINO,
CLIP with visual references, and CLIP with textual references, and the references.
Purple values represent low similarity values, while yellow values represent high
similarity values.

whereas CLIP with textual references has a low similarity on the same patches.

Category-wise Navigation Results. In Table 5.7 we present the navigation results
of the modular agent based on DINOv2 as the matching backbone in which we
compute the metrics for each category. From the results on SR and SPL we can
note that there are categories that are easier to locate and reach, such as ‘backpack’,
‘bag’, ‘ball’, ‘hat’, ‘laptop’, and ‘toy’, and there are instances from categories
that are never correctly reached, such as ‘keys’, ‘wallet’, and ‘watch’. This result
returns the inability of the vanilla matching modules to distinguish these categories
in the embodied setting. Moreover, we can observe that there is an overall positive
correlation between SR and average category size, implying that small objects are
particularly challenging to detect.

Similarity Analysis. The similarity of objects is a critical factor in the PIN
task. The presence of distractors increases the challenge of the proposed task,
as the agent must balance between being overly cautious and overly confident
when identifying target instances. This trade-off is central to the effectiveness
of the navigation approaches. In particular, concerning images as references of
the target object, re-identification methods should be a robust solution against
distractors due to considering the matching between keypoints instead of the
semantic similarity between observation and reference. Indeed, in Table 5.5, the
state-of-the-art re-identification method SuperGlue has a lower category error than

Bridging Vision and Language for Open-Vocabulary Segmentation

135



CHAPTER 5. PERSONALIZED INSTANCE-BASED NAVIGATION

Table 5.7: Navigation results of the modular agent that employs DINOvV2 as the
matching module on the validation episodes of PINNED dataset, considering the
performance of the agent for each category. Moreover, we report the average
intra-category and inter-category cosine similarities computed on the frontal goal
images.

Navigation Metrics Detection Metrics Similarity
Category SRt SPLT CE| D2G| Steps %Matcht TM1 CMJ| NMJ| Intra-Category Inter-Category
Backpack 2647 14.04 36.77 5.79 408.7 85.29  53.27 46.57 0.16 0.510 0.110
Bag 23.08 13.65 40.00 6.16 406.5 93.85 44.62 55.04 0.34 0.348 0.121
Ball 20.90 10.29 23.88 6.48 613.1 61.19  36.06 63.87 0.07 0.258 0.068
Book 19.40 10.83 35.82 5.71 4843 86.57 5851 40.16 1.33 0.613 0.106
Camera 746 3.38 7.50 8.57 883.2 2090 69.23 23.08 7.69 0.152 0.050
Cellphone 896 3.11 1492 8.63 8448 32.84  7.81 90.96 123 0.506 0.112
Eyeglasses 1045 5.08 32.83 7.70 682.0 62.69 79.80 19.95 0.25 0.846 0.104
Hat 26.87 11.95 23.88 6.45 652.8 67.16 88.08 11.89 0.03 0.549 0.084
Headphones  16.92 9.71 40.00 7.35 492.8 84.62 14.58 8529 0.13 0.764 0.098
Keys 0.00 0.00 8.82 838 974.2 2.94 0.00 0.00 100.00 0.558 0.102
Laptop 21.54 11.50 49.23 7.01 4553 93.85 16.86 82.60 0.54 0.348 0.084
Mug 10.61 4.47 10.61 8.10 911.8 2273 92.00 4.50 3.50 0.298 0.073
Shoes 1692 12.44 4462 6.75 318.8 9538 831 91.69 0.00 0.631 0.087
Teddy Bear ~ 19.12 13.48 52.94 7.07 335.5 91.18 68.92 16.62 14.46 0.548 0.066
Toy 26.56 13.18 3.12 6.16 754.6 4844 9927 0.00 0.73 0.137 0.087
Visor 11.94 599 3134 799 657.0 5224 5247 4533 220 0.316 0.148
Wallet 0.00 0.00 6.15 839 9853 1.54 0.00 0.00 100.00 0.282 0.105
Watch 0.00 0.00 7.69 839 999.0 0.00 0.00 0.00 100.00 0.566 0.102

DINOvV2 and CLIP. However, it presents the worst results according to SR and
SPL, showing difficulties in matching keypoints when observation and reference
have discrepancies in appearance. For methods based on semantic features, the
similarity threshold is the key element in balancing confidence and caution.

In Table 5.7, we report the average cosine similarities in the DINOv2 embed-
ding space per category. In particular, we extracted the CLS token from each
frontal goal image of the validation set and computed the cosine similarities against
the other goal images from the same category (i.e. intra-category) and against goal
images from different categories (i.e. inter-categories). The results show that the
intra-category similarity presents a strong relation with the category error (CE)
and category matches (CM) metrics. Indeed, the agent tends to mistake instances
from categories with large intra-category similarity values, such as ‘eyeglasses’,
‘headphones’, and ‘shoes’, while these mistakes are reduced in categories such as
‘camera’ and ‘foy’ that are characterized by a larger variability in their instances.
When we adopt textual references as targets, the challenges concern how well mul-
timodal spaces embed fine-grained details, and how similarity behaves accordingly.
Previous work [20, 27] has shown that this challenge is non-trivial and still open.
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Figure 5.11: Examples of situations in which detecting the target in the embodied
environment is particularly challenging. We depict the frontal visual references of
the target in the first row and a portion of an agent’s observation containing the
target in the second row.

Our dataset represents a further step in this direction, providing a benchmark to
evaluate the capabilities of visual-language models in recognizing fine-grained de-
tails. Future works can exploit our training set to instruct the models to distinguish
instances of the same category by focusing on adjectives and attributes.

Hard Detection Cases. In Fig. 5.11, we show four episodes in which detecting
the target is particularly challenging. These targets belong, respectively, to the
‘wallet’, ‘camera’, ‘watch’, and ‘keys’ categories. Table 5.7 shows that these
categories are the most challenging ones for the modular agent with DINOv2,
which is the best-performing agent according to Table 5.5. Indeed, the categories
‘keys’, ‘wallet’, and ‘watch’ all yielded no successful episodes. These objects are
hard to detect even for a human, confirming how challenging the PIN task is.

Fine-Grained vs General Descriptions Comparison. In Table 5.9 we present
an ablation study in which we compare the performance of the baselines with
both fine-grained and general object categories. Specifically, we conducted the
following experiments. For the modular agents based on CLIP and OWL as the
matching module, we leveraged the general object category (e.g. backpack) instead
of the fine-grained textual descriptions as navigation targets, while maintaining
the same similarity threshold. The results on both CLIP and OWL present similar
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Table 5.8: Navigation results of the modular agent that employs SuperGlue as the
matching module on the validation episodes of PINNED dataset, considering dif-
ferent resize values of the visual references of the target provided to the matching
module.

Navigation Metrics Detection Metrics
Resize SRT SPLT CE|] D2GJ Steps %Matcht TMT CM| NMJ
360 251 082 7.05 848 881.6 17.77 4376 5.17 51.07
180 3.02 1.20 721 848 864.1 20.70  21.72 3.58 76.35

180,360 3.27 1.28 7.58 8.36 804.0 2942 1696 3.44 79.60

Table 5.9: Navigation results on PINNED on the environments of HM3D dataset,
comparing categorical and fine-grained textual modalities.

Navigation Metrics Detection Metrics
Backbone  Modality SRt SPLT CE| D2G| Steps %Matcht TMt CM] NMJ

Modular Agents
CLIP [249] ViT-B/16 Categorical ~ 3.52 2.75 10.23 7.98 148.1 9547  5.12 15.73 79.15
CLIP [249] ViT-B/16 Fine-Grained 3.10 1.82 9.31 7.94 503.1 62.95 20.07 22.07 57.86

OWL [105,221] ViT-B/32  Categorical ~ 7.79 3.73 19.96 7.96 780.6 38.81 26.50 58.49 15.01
OWL [105,221] ViT-B/32 Fine-Grained 7.29 3.36 12.66 7.90 871.7 2297 62.60 32.88 4.52
End-to-end Agents

RIM [53] ResNet-50 Categorical ~ 4.61 3.78 14.25 9.23 336.0 - - - -
RIM [53] ResNet-50 Fine-Grained 7.12 6.67 10.44 8.43 409.3 - - - -

behaviors: the number of successful episodes is slightly increased, but also the
number of episodes in which the agent mistakes reaching distractors of the same
category and the number of matches with them increased. Moreover, the reduction
in the average number of steps indicates that similarities, on average, are higher.
The increase in successful episodes is surprising but in line with the findings of
previous works in the literature [20, 27], which demonstrate that current vision-
language models struggle with fine-grained details. These results show that our
work can help future works in the realization and evaluation of vision-language
models with improved understanding capabilities of details. Concerning the
end-to-end agent RIM, we trained the model on the CLIP embeddings extracted
from the general object categories instead of the fine-grained textual descriptions.
The results show a lower number of successful episodes and a higher number of
episodes in which the agent reaches a distractor of the same category.
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a yellow kanken backpack with yellow straps on the top
a yellow monochrome kanken backpack
a photo of a yellow backpack with a strap and red circle on the front

a black camera bag with a handle and a mesh pocket
a black camera bag with a buckle and a small silver plate

a black camera bag with two red laces, a silver plate and a black buckle in
the middle front

. a beach ball with alternated red, light blue and white slices
( b an inflatable colored beach ball
a beach ball with a multicolored design
a stack of two books with a leather cover tied using a brown strap
g @ a brown book with yellowed pages with two straps and golden buckles on

top

two books tied together by a brown lace, with black leather covers and a
red jurassic park logo

a big black camera with a black handle and a wheel on the side
a black cubic camera with a brown knob and a strap

a kodak brownie hawkeye black flash camera, which is cube-shaped and

has a black handle
a blue smartphone with a white text on the back
a blue phone with a black screen

a cellphone with a gradient blue to purple color, two lenses, a fingerprint
reader and the xiaomi mi logo on the back

a pair of black squared eyeglasses with a golden plate on the arms
W ’ 2 / a pair of sunglasses with a black frame and gold detail

a pair of black thick eyeglasses with squared frame and golden hinges

a sombrero with red details and a yellow stripe

‘ ‘ a straw hat with a yellow ribbon around it
a sombrero with red elements on the brim and a yellow stripe with chiquito
written multiple times on top

ﬁ a pair of black beats headphones
” m ‘ '/ a pair of headphones with a black band

a pair of black headphones with the beats by dre logo on the ear cups and
two gray lines on the headband

Figure 5.12: Samples of visual reference images and textual reference descriptions
of personalized targets from PInNED dataset.



a worn red key and a yellow keytag with a black text
a yellow plastic tag with a red key

a red rusty key and a yellow keytag with generator maintenance written on
it

a black and grey laptop with rgb keyboard
a black and grey laptop with a alien head on the back

a laptop having a gray top cover with an alien logo on the back, a black
base panel and a rainbow colored keyboard

a blue mug with a red fox logo on it

a blue mug with a firefox logo on it

a blue mug with the mozilla firefox logo, composed of a red fox around the
globe, printed on it

a pair of orange adidas running shoes
a pair of orange adidas sneakers with black stripes

a pair of orange running shoes with orange laces, black adidas stripes, and
white outsoles

a beige teddy bear with a red bandana on a wooden chair
a teddy bear sitting in a wicker chair with a red bandana on its neck

a cream-colored smiling teddy bear with a red scarf and sitting on a woven
chair

a black and white toy car with a number 2 on the front
a black and white toy car

a black toy race car, with white wheels, a number 2 painted on the side, and
a ball replacing the drive

a black htc visor with blue polka dots
a blue rounded virtual reality headset with a black strap

a htc visor having black bands and blue front side with light blue dots

a black leather wallet with an orange plate
a brown leather wallet with a button on it

a dark brown leather wallet having an orange patch with fossil written on it

a gold and grey watch with black leather strap

a brown leather wallet with a button on it

a rounded watch having a thick golden case, white dial and black leather
band with a golden buckle

Figure 5.13: Samples of visual reference images and textual reference descriptions
of personalized targets from PInNED dataset.



Chapter 6

Multimodal Large Language
Models for Visual Grounding

The introduction of the attention operation and the Transformer architecture [322]
has enabled the creation of models capable of handling various modalities on an
increasingly large scale. This advancement is largely attributed to the versatility
of the operator and the adaptability of the architecture. Initially, this breakthrough
was leveraged for language-specific models [28, 87] but quickly extended to sup-
port diverse modalities [178, 206] and facilitate their integration within unified
embedding spaces [249]. Such representations have formed the foundations of
the open-vocabulary paradigm in detection and segmentation. The surge in soph-
isticated Large Language Models (LLMs), and particularly in their capacity for
in-context learning, has encouraged researchers to broaden the scope of these
models to encompass multiple modalities, both as inputs and outputs. This expan-
sion has led to the development of cutting-edge models such as GPT-4V [3] and
Gemini [8], showcasing state-of-the-art performance.

The development of Multimodal Large Language Models (MLLMs) entails
merging single-modality architectures for vision and language, establishing effect-
ive connections between them through vision-to-language adapters, and devising
innovative training approaches. These methodologies are crucial for ensuring mod-
ality alignment and the ability to follow instructions accurately. Early MLLMs
were primarily developed to tackle holistic image understanding tasks, such as
image captioning, visual question answering (VQA), and visual dialogue. These
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tasks focus on the comprehension of an entire image conditioned on natural lan-
guage inputs and outputs, making them a natural extension of the capabilities of
pretrained language models. However, the scope of MLLMs has rapidly expanded
to encompass a wider range of complex and fine-grained vision-language tasks.
These include visual grounding, image generation and editing, document analysis,
robot navigation, and even autonomous driving, each requiring a precise alignment
between textual instructions and visual content.

In this Chapter, we introduce the essential components and design principles
behind MLLMs and focus in particular on the visual grounding task. We survey
and categorize the current approaches to visual grounding using MLLMs, dis-
cuss their training methodologies and evaluation protocols, and compare their
performance on standard benchmarks. Finally, we highlight how recent advances
in self-supervised visual representation learning have been successfully adopted
as visual encoders in this context, contributing significantly to the emergence of
MLLMs with fine-grained understanding capabilities.

6.1 Multimodal Large Language Models

Large Language Models. [28] discovered that in-context learning, i.e., pre-
pending the prompt with a few examples demonstrating the desired output of
an LLM [63, 126, 308], improves its performance, especially over unseen tasks.
Generalization can be further enhanced by providing the LLM with the natural
language description of the desired task for each training sample. This technique,
called instruction-tuning [65, 137, 342, 343], turns out to be critical for align-
ing the behavior of an LLM with that of humans and currently empowers the
most advanced LLMs, eventually boosted via reinforcement learning from human
feedback (RLHF) [3, 11, 56, 236].

PEFT. When a pre-trained LLM needs to be adapted to a specific domain or
application, parameter-efficient fine-tuning (PEFT) schemes represent an important
alternative to training the entire LLM, since these strategies only introduce a few
new parameters. Among these, prompt-tuning [117, 201, 171, 181] learns a
small set of vectors to be fed to the model as soft prompts before the input text.
Differently, LoORA [128] constrains the number of new weights by learning low-
rank matrices. This technique is orthogonal to quantization methods such as
QLoRA [86], which further decreases the memory footprint of the LLM compared
to the usual half-precision weights.

Towards Multimodal LLMs. The development of MLLMs follows a similar path
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The unusual aspect of this image is a man
--- ironing clothes on the back of a minivan. +
é This is not a typical place to iron ...
[ )

A
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Figure 6.1: General architecture of Multimodal Large Language Models (MLLMs),
composed of a visual encoder, a language model, and an adapter module that
connects visual inputs to the textual space.

to that of LLMs, with Flamingo [5] being the first to explore in-context learning at
scale in the vision-language field. Then, visual instruction-tuning [194] quickly
became the most prominent training paradigm also in the multimodal domain, as
well as the use of PEFT techniques to fine-tune the LLM. Any MLLM contains
at least three components (Fig. 6.1): an LLM backbone serving as an interface
with the user, one (or more) visual encoders, and one or more vision-to-language
adapter modules. Popular choices for the LLM backbone often fall into the LLaMA
family [315, 316]. Given that their weights are freely accessible, they have been
trained on public data solely, and they boast different sizes to accommodate
various use cases. In addition, their derivative versions are popular as well, such
as Alpaca [305] and Vicuna [60]. The former fine-tunes LLaMA on instructions
written using GPT-3, while the latter exploits user-shared conversations with
ChatGPT [233]. Alternatives are OPT [411], Magneto [329], MPT [222], and
the instruction-tuned [65] or multilingual [370] flavors of T5 [250], an encoder-
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decoder language model pre-trained for multiple tasks.

Model Components. The main components of MLLMs are the visual encoder
and the language model. The visual encoder is specifically designed to provide
the LLM with the visual extracted features. It is common to employ a frozen pre-
trained visual encoder while training only a learnable interface that connects visual
features with the underlying LLM. The most often employed visual encoders are
based on pre-trained Vision Transformer (ViT) models with a CLIP-based objective
to exploit the inherent alignment of CLIP embeddings. Popular choices are the
ViT-L model from CLIP [249], the ViT-H backbone from OpenCLIP [349], and the
ViT-g version from EVA-CLIP [99]. As shown in [176], a stronger image encoder
leads to better performance. Building on this insight, Lin et al. [192] and Gao et
al. [107] propose an ensemble of frozen visual backbones to capture robust visual
representations and different levels of information granularity. The utilization
of such large and powerful models is made feasible by the common practice of
maintaining the visual encoder frozen during training, as observed in [51, 130,
106, 176]. However, employing a frozen visual encoder has some limitations,
primarily due to the constrained number of parameters, resulting in an inadequate
alignment between the visual and language modalities. Specifically, the dense
features extracted from the visual model may fragment the fine-grained image
information and bring large computation due to the lengthy sequence when fed into
the language model. To mitigate this issue, other approaches [382, 383] employ
a two-stage training paradigm. In the first stage, they incorporate a trainable
visual backbone while maintaining the pre-trained LLM frozen. On the other hand,
LLMs primarily rely on the widely employed Transformer model, although the
Mamba architecture [112] has also emerged in recent times. This proposes to
make a State-Space Model (SSM) time-dependent, effectively creating a selective
SSM with favorable properties: (i) inference costs and memory requirements that
scale linearly with the sequence length, and (ii) efficient parallel training thanks to
a smart GPU implementation of the algorithm. Similar to Transformers, Mamba
models for language modeling are pre-trained using the next token prediction task.
Recent studies propose MLLMs featuring Mamba as the language backbone [247,
414].

Vision-to-Language Adapters. The simultaneous presence of inputs from differ-
ent modalities emphasizes the need to incorporate a module capable of delineating
latent correspondences within these unimodal domains. These modules, termed
as “adapters”, are intended to facilitate interoperability between the visual and
textual domains. A spectrum of different adapters is used in common MLLMs,
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ranging from elementary architectures such as linear layers or MLP to advanced
methodologies such as Transformer-based solutions, exemplified by the Q-Former
model, and conditioned cross-attention layers added to the LLM.

6.2 Visual Grounding

6.2.1 Methods

The visual grounding capabilities of an MLLM correspond to the ability to carry a
dialogue with the user that includes the positioning of the content, also referred to
as a referential dialogue [S1]. In particular, You et al. [386] introduce referring as
the ability to understand the content of an input region and can be evaluated on
tasks such as region captioning and referring expression generation. Conversely,
grounding is associated with localizing regions of a given textual description and
corresponds to tasks such as referring expression comprehension (REC), referring
expression segmentation (RES), phrase grounding, and grounded captioning. Two
main components are required to equip MLLMs with these capabilities: a region-
to-sequence method to process input regions and a sequence-to-region method
to ground nouns and phrases. A summary of the MLLMs with visual grounding
capabilities is reported in Table 6.1.

Region-as-Text. The most common way to output regions is to directly insert them
into generated text as a series of coordinates, represented as numbers or as special
tokens dedicated to location bins. Shikra [51], Kosmos-2 [241], MiniGPT-v2 [50],
Ferret [386], CogVLM [333], SPHINX [192], Qwen-VL [12], and Griffon [400]
convert bounding boxes into text by indicating two points. VisionLLM [335],
VistaLLM [243], LLaFS [426], and ChatSpot [416] allow the MLLM to handle
polygons by representing them as a series of points.

Embedding-as-Region. Another solution is to read input regions through re-
gion encoders and provide the output regions as embeddings extracted from
the last layer of the MLLM to a decoder. For input regions, GLaMM [257],
GPT4Rol [410], ASM [334] and ChatterBox [310] leverage features of the image
encoder to perform ROI align on the bounding box, whereas PVIT [47] exploits
RegionCLIP [419]. PixelLLM [365] and LLaVA-G [405] use the prompt en-
coder of SAM [154] and Semantic-SAM [174] respectively. For output regions,
LISA [164], GLaMM, GSVA [359], NeXt-Chat [401], and LISA++ [377] send the
embedding corresponding to special tokens to the mask decoder of SAM, LLaVA-
G to OpenSeeD [404], Lenna [345] to Grounding-DINO [199], and PixelLM [263]
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to a custom lightweight pixel decoder.

Differently, ContextDET [396] introduces a decoder that receives the latent em-
bedding of the noun with learnable queries, performs a cross-attention with image
features, and then uses a segmentation head. ChatterBox [310] combines features
from the iTPN-B encoder [311] and the MLLM and provides them to the DINO
detector [403]. GELLA [246] presents a fusion module in Mask2Former [58]
to propose masks based on multi-modal image features and an association mod-
ule to assign latent embeddings to them. PaLLI-3 [54] converts embeddings into
segmentation masks through a VQ-VAE [320] decoder.

Text-to-Grounding. Other approaches are based on open-vocabulary models that
accept textual categories as input. DetGPT [242] generates a list of categories for
Grounding-DINO. BuboGPT [417] leverages a combination of RAM, Grounding-
DINO, and SAM and matches tags with nouns in the output sequence.

6.2.2 Self-Supervised Visual Encoders

Similar to the findings discussed in Chapters 3 and 4 regarding the improved
localization properties of self-supervised models such as DINOv2 over vision-
language models like CLIP in open-vocabulary segmentation, recent research has
begun to explore how these models can serve as visual encoders within MLLMs.
The advantages stem not only from their enhanced spatial awareness, but also from
their flexibility in being aligned with text either via direct mapping or intermediate
representations.

Jiang et al. [138] investigate this direction by replacing CLIP with self-
supervised encoders like DINOv2 and employing a simple MLP as an adapter to
the LLM. Their experiments show that DINOv2 consistently outperforms CLIP on
fine-grained tasks while achieving comparable performance on image-level tasks.
To capitalize on the complementary strengths of both encoders, they introduce
the COMM module, which merges features from multiple intermediate layers
of CLIP and DINOV2 to improve performance. GROUNDHOG [412] takes a
region-centric approach, leveraging a class-agnostic region proposer to extract
image regions and then pooling visual features from both DINOv2 and CLIP for
each region. These region embeddings are subsequently passed to the language
model, enabling fine-grained alignment and grounding. A different line of work by
Tong et al. [313] uncovers a phenomenon they term CLIP-Blind pairs, instances
where CLIP assigns high similarity to visually distinct images, leading to degrada-
tion in the performance of the MLLM. In contrast, DINOv2 embeddings remain
more discriminative in such cases. To address this, they propose two Mixture
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of Features (MoF) strategies: Additive-MoF, which linearly combines DINOv2
and CLIP embeddings, and Interleaved-MoF, which interleaves and separately
adapts token sequences from both encoders before feeding them to the LLM. The
Cambrian-1 [312] model further demonstrates the synergy between self-supervised
and vision-language features, even in tasks where self-supervised models alone
are less effective, such as OCR. It introduces the Spatial Vision Aggregator, a
lightweight adapter using learnable queries that interact with encoder-specific
features within spatial windows, enabling localized information extraction across
modalities. Lastly, BRAVE [145] systematically evaluates a range of visual en-
coders, including DINOv2 and SILC, and proposes the MEQ-Former, a fusion
module that combines multiple visual encoders with a fixed-length output and
linear complexity. This allows scalable integration of complementary feature
sources while preserving efficiency.

Collectively, these studies highlight a growing recognition of self-supervised
encoders as valuable complements or alternatives to CLIP within MLLMs, partic-
ularly in tasks requiring precise spatial grounding.

6.2.3 Training

To enable visual grounding, MLLMs can be trained directly on task-specific data
using predetermined instruction templates. For instance, Coinlt [243] is a uni-
fied set of 14 benchmarks converted into an instruction-tuning format, spanning
from single-image coarse-level to multi-image region-level tasks. An additional
training step is usually performed on an instruction-tuning dataset, such as LLaVa-
Instruct [197], to preserve the conversational capabilities of the MLLM. However,
some methods create their custom datasets to simultaneously improve the ground-
ing and conversational capabilities. Specifically, Shikra [51], DetGPT [242],
ChatSpot [416], and PVIT [47] leverage LLMs [3, 233] to combine regions and
captions from datasets that present both annotations (e.g., COCO). Differently,
Kosmos-2 [241] and Ferret [386] exploit an open-vocabulary detector [179] to
ground noun chunks parsed from captions and then reconstruct referring expres-
sions. ASM [334], GLaMM [257], and LLaVA-G [405] propose automated
pipelines comprising multiple steps based on off-the-shelf models for generating
large corpora of conversations grounded in their corresponding images.
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RefCOCO RefCOCO+ RefCOCOg

Model val testA testB val testA testB val(U) test(U)
Kosmos-2 [241] 523 574 473 455 50.7 422 60.6 61.7
Shikra [51] 87.8 91.1 81.8 829 87.8 744 82.6 832
Qwen-VL [12] 88.6 92.3 84.5 82.8 88.6 76.8 86.0 86.3
Ferret [386] 89.5 924 844 82.8 88.1 752 858 86.3
MiniGPT-v2 [50] 88.7 91.7 85.3 80.0 85.1 745 844 847
CogVLM [333] 92.8 94.8 89.0 88.7 929 834 89.8 90.8
Griffon [400] 90.1 934 86.1 84.8 90.5 77.8 86.1 87.2
LION [48] 89.8 93.0 85.6 84.0 89.2 78.1 85.5 85.7
NExXT-Chat [401] 85.5 90.0 779 772 845 68.0 80.1 79.8
SPHINX [192] 91.0 92.7 86.6 86.6 91.1 80.4 88.2 884
Lenna [345] 90.3 93.2 87.0 88.1 90.1 84.0 90.3 90.3
LLaVA-G [405] 89.2 - - 81.7 - - 84.8 -

Unified-10 2 [207] 90.7 - - 81 - - 86.6 -
MM-Interleaved [309] 89.9 92.6 86.5 83.0 83.6 77.1 852 849
SPHINX-X [107] 90.6 93.7 869 855 90.5 799 883 885

Table 6.2: Performance analysis on the RefCOCO benchmarks for referring ex-
pression comprehension (REC). Best scores are in bold, second best are underlined.

6.2.4 Evaluation

The assessment of visual grounding capabilities of MLLMs comprises a variety
of standard referring tasks, including region captioning, referring expression
generation (REG), and region-level question answering, as well as grounding tasks
like referring expression comprehension (REC), referring expression segmentation
(RES) and grounded captioning. As regards evaluation metrics, for REC the
accuracy is computed by assuming as correct predictions the ones that correspond
to an intersection over union with the ground-truth above 0.5 (Acc@0.5). For
referring expression segmentation the cumulative intersection over union (cIoU)
is considered, while for region captioning METEOR [14] and CIDEr [324] are
commonly used. However, few methods introduce their own benchmarks to
evaluate the performance in more realistic scenarios, with grounded conversations
that may involve multiple rounds. Quantitative results on the REC, RES, and
region captioning tasks are respectively reported in Table 6.2, Table 6.3, and
Table 6.4.

Below, we summarize the main datasets used across the literature, organized
by the type of grounding task they support:

RefCOCO and RefCOCO+ [215] are collections of referring expressions
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based on images from the COCO dataset. They were gathered through the Referlt-
Game [149], a two-player game where the first player examines an image featuring
a segmented target object and formulates a natural language description referring
to that object. The second player, who has access only to the image and the
referring expression, selects the corresponding object. Players swap roles if they
perform correctly, otherwise they receive a new object and image for description.
The RefCOCO dataset has no constraints on the natural language and consists
of 142,209 expressions for 50,000 objects across 19,994 images. Instead, in the
RefCOCO+ players are disallowed from using location words in their referring
expressions and it has 141,564 expressions for 49,856 objects in 19,992 images.
Evaluation is performed on 1,500, 750, and 750 images corresponding to the
validation, testA, and testB splits for both datasets.

RefCOCOg [391] was collected by a set of annotators who wrote natural
language referring expressions for objects in COCO images, and another set of
annotators who selected objects corresponding to given referring expressions.
When a selected object was correct, the corresponding referring expression was
inserted in the dataset. It consists of 85,474 referring expressions for 54,822
objects in 26,711 images. Evaluation is carried out on 1,300 and 2,600 images
corresponding to the validation and test splits.

Visual Genome [161] connects structured image concepts to language and
comprises 108,077 images along with detailed descriptions of all objects present in
them, providing 5.4M region descriptions and 1.7M visual question-answer pairs.
This dataset is typically used for region-level captioning and question-answering.

Visual7W [428] is a visual question-answering dataset that combines textual
descriptions with image regions through object-level grounding. It comprises 328k
question-answer pairs on 47k COCO images, together with 1.3M human-generated
multiple-choice and more than 560k object groundings from 36,579 categories.

GRIT [241] is a large-scale dataset of grounded image-text pairs (i.e., noun
phrases or referring expressions associated with regions of the image) based on
a subset of COYO-700M and LAION-2B. The construction pipeline consists of
two steps: (i) extracting noun chunks from the captions and grounding them to
bounding boxes with an open-vocabulary detector (e.g., GLIP); (ii) expanding
the noun chunks to referring expressions by exploiting their dependency relations
in the original caption. The resulting dataset comprises 91M images, 115M text
spans, and 137M associated bounding boxes.

ReasonSeg [164] is a benchmark introduced for the reasoning segmentation
task, which consists of providing segmentation masks for complex and implicit
query texts. Images are from Openlmages [163] and ScanNetv2 [74] and are
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RefCOCO RefCOCO+ RefCOCOg
Model val testA testB  val testA testB val(U) test(U)
LISA [164] 749 79.1 723 65.1 70.8 58.1 679 70.6

GLaMM [257] 79.5 83.2 769 72.6 78.7 646 742 749
NExT-Chat [401] 74.7 789 69.5 65.1 71.9 56.7 67.0 67.0
GSVA [359] 79.2 81.7 77.1 703 73.8 63.6 757 77.0
LLaVA-G [405] 77.1 - - 68.8 - - 71.5 -
PixelLLM [365] 769 785 744 692 721 645 707 724

GELLA [246] 76.7 80.5 73.6 67.0 732 60.6 704 715

Table 6.3: Performance analysis on the RefCOCO benchmarks for referring
expression segmentation (RES). Best scores are in bold, second best are underlined.

RefCOCO Visual Genome

Model METEOR CIDEr METEOR CIDEr
Kosmos-2 [241] 14.1 62.3 - -

GPT4Rol [410] - - 17.4 145.2
ASM [334] 20.8 103.0 18.0 145.1
GLaMM [257] 16.2 106.0 19.7 180.5
NExT-Chat [401] 13.6 79.6 - -

PixelLLM [365] 14.3 82.3 19.9 148.9

Table 6.4: Performance analysis on the RefCOCO and Visual Genome benchmarks
for region captioning. Best scores are in bold, second best are underlined.

annotated with text instructions and corresponding segmentation masks. The
resulting dataset comprises 1,218 image-instruction pairs. Evaluation metrics are
the same as the RES standard benchmark. Two extended variants, ReasonDet [345]
and ReasonSeg-Inst [377], are respectively introduced for reasoning detection and
reasoning instance segmentation tasks.

Grounding-anything Dataset (GranD) [257] is a dataset designed for the
grounded conversation generation (GCG) task, which aims to construct image-
level captions with phrases associated with segmentation masks in the image. This
dataset was built with an automated annotation pipeline composed of four stages:
(i) object localization with the corresponding semantic label, segmentation mask,
attributes, and depth information, (ii) extracting relationships between detected
objects, (iii) combining previously collected relations to produce dense captions,
(iv) enriching captions with contextual information. It comprises annotations
for 11M SAM [154] images. Another dataset, GranD, is introduced for further
fine-tuning and evaluating over the GCG task. It was gathered by extending
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Flickr30k [387], RefCOCOg, and PSG [376] through GPT-4 and by manually
annotating a set of samples. It comprises 214k image-grounded text pairs with
2.5k validation and 5k test samples. Evaluation metrics include METEOR and
CIDEr for captioning, class-agnostic mask AP for grounding, intersection over
union for segmentation, and mask recall for grounded captioning.

Grounded-Bench [405] is a benchmark introduced to assess the capabilities
of an MLLM in carrying a grounded visual chat. It is built on top of the LLaVA-
Bench [197], comprising conversational data generated with GPT-4 and instance
annotations from COCO. It is expanded using 1,000 images with 7,000 entities
from COCO annotated through an automated pipeline that involves GPT-4 to
associate noun phrases from captions to ground-truth instances.

MUSE [263] is a multi-target reasoning segmentation dataset. It was created
with an automated pipeline on top of 910k instance segmentation masks from the
LVIS dataset [115] by exploiting GPT-4V to combine instance categories with
natural language descriptions. The resulting dataset comprises 246k question-
answer pairs, averaging 3.7 targets per answer.

These datasets reflect a shift toward more comprehensive benchmarks that
evaluate grounding beyond static single-step tasks. By incorporating elements
such as dialogue, complex reasoning, and multi-object scenarios, they better
align with real-world use cases for MLLMs. Collectively, they reveal both the
remarkable progress and the ongoing limitations of current models, underscoring
the need for further improvements in fine-grained perception, spatial reasoning,
and context-aware interaction.
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Conclusions

This dissertation has explored the integration of self-supervised vision models and
vision—language representations for open-vocabulary semantic understanding, with
a particular focus on segmentation, visual grounding, and embodied perception.
The foundational insight guiding this work is that self-supervised visual backbones,
trained without explicit human annotations, develop rich internal representations
capable of capturing both spatial structure and semantic content. While these
representations are not natively aligned with language, we demonstrate that they
can be effectively connected to linguistic concepts through mechanisms such as
visual prototypes and contrastive learning. This latent semantic capacity makes
self-supervised features a powerful and versatile foundation for scalable open-
world perception.

In bridging self-supervised learning and language grounding, we investigated
not only how to align these modalities at the feature level but also how to apply
this integration to practical tasks that demand fine-grained semantic understanding.
These include open-vocabulary semantic segmentation, personalized instance-
based navigation, and multimodal language—vision reasoning. Across these do-
mains, we showed that self-supervised backbones, particularly DINOv2 [234],
possess the necessary structure to support open-vocabulary tasks when appropri-
ately guided by external signals or auxiliary models. This capacity enables a new
class of perceptual systems that are general, adaptable, and capable of operating
across domains, tasks, and modalities.

We summarize below the main contributions of this dissertation:

Open-Vocabulary Segmentation via Prototypes. We proposed a family of
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methods for open-vocabulary segmentation based on visual prototypes. These
methods avoid the need for direct alignment between visual and textual encoders
by constructing representative visual embeddings for each category using weak
supervision. We introduced VOCSeg, which builds a visual vocabulary by mining
image—caption datasets and aligning segments using open-vocabulary models. We
then extended this approach with FOSSIL, a training-free method that equips
DINOv2 with multimodal segmentation capabilities via prototype matching, using
synthetic supervision from Stable Diffusion [266]. Finally, FreeDA enhanced this
strategy with fine-grained superpixels and contextualized CLIP [249] features,
demonstrating that self-supervised vision backbones can achieve strong open-
vocabulary segmentation without further training, while maintaining explainability
properties through visual references.

Open-Vocabulary Segmentation via Contrastive Learning. We investigated
whether DINOvV2 can be aligned with text encoders through contrastive learning
while keeping the vision backbone frozen. Motivated by the prototype-based
results of the previous chapter, we proposed Talk2DINO, a framework that maps
text embeddings into the DINOvV2 space using a contrastive objective. Crucially,
Talk2DINO introduces a novel training strategy that selects the most semantically
relevant self-attention head and improves object—background separation through a
custom attention-based refinement module. These results confirm that DINOv2,
when exposed to even lightweight supervision, can become an effective open-
vocabulary segmenter, and that vision—language alignment does not necessarily
require retraining or fine-tuning of large vision models.

Personalized Instance-based Navigation. We extended the vision—language
integration explored in open-vocabulary settings to embodied scenarios, where
agents must perceive and act within physical simulated environments. We intro-
duced Personalized Instance-based Navigation (PIN), a new benchmark in which
a robot must navigate to a specific object instance defined by images or text de-
scriptions, even in the presence of visually similar distractors. In this context,
we demonstrated the utility of DINOv2 for instance-level matching: using its
patch-level similarity structure, we showed that DINOv2 can effectively localize
the same object instance across different scenes. This complements its semantic
grounding capabilities and highlights its value for tasks requiring fine-grained
perceptual grounding in realistic environments.

Multimodal Large Language Models for Visual Grounding. We reviewed the
current landscape of Multimodal Large Language Models (MLLMs) with a focus
on visual grounding and fine-grained reasoning. We surveyed the architectural
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strategies, training regimes, and evaluation benchmarks that enable MLLMs to
handle vision and language jointly, and in particular to reason about spatial relation-
ships and referential expressions. We highlighted how recent MLLMs incorporate
self-supervised backbones like DINOv2 to improve their localization capabilities
and integrate pixel-level understanding. This integration supports the broader
thesis vision of general-purpose models that combine structured perception with
high-level reasoning.

7.1 Future Works and Open Challenges

While this dissertation has demonstrated the effectiveness of bridging self-supervised
visual models with language for open-vocabulary perception, it also opens several
avenues for future investigation. The integration of unsupervised representation
learning with multimodal understanding remains a rich and evolving research area,
with significant potential for expanding both theoretical insights and practical
capabilities. Below, we highlight key directions for future work:

Integrating Supervised and Self-Supervised Learning for Dense Prediction.
The presented methods for open-vocabulary segmentation were developed under
the assumption of no manual pixel-level supervision. However, future work could
explore hybrid training regimes that incorporate weak or limited supervision, such
as sparse annotations or coarse labels, to enhance the segmentation quality and
granularity. In particular, combining the spatial attention mechanisms of DINOv2
with lightweight supervision could guide the model to produce multi-granularity,
class-agnostic segmentation masks. This would follow the paradigm of two-stage
frameworks that first generate high-quality masks and subsequently refine or
classify them, potentially enabling more robust and interpretable segmentation
pipelines.

Scaling Insights to DINOv3 and Larger Self-Supervised Models. The prom-
ising results obtained with DINOvV2 encourage further investigation into more
recent and larger self-supervised backbones. DINOv3 [291], which significantly
scales both the model size and training data while retaining semantic correspond-
ence properties, represents a compelling next step. It remains an open question
whether the vision—language bridging techniques proposed in this thesis, such
as prototype matching and contrastive mapping, extend effectively to the feature
space of DINOV3, and how its larger capacity can be leveraged for finer-grained
or more abstract visual concepts.
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Adapting DINOv2 for Multimodal Large Language Models. The region se-
lection strategies introduced in Talk2DINO, which enable alignment between
textual descriptions and image regions via self-attention heads, could be further
developed within the MLLM framework. In particular, these mechanisms may
serve as a lightweight yet effective way to augment LLMs with fine-grained per-
ceptual grounding. Understanding how to adapt the structured feature space of
DINOV2 into the token-centric processing pipelines of MLLMs could support
more interpretable and spatially aware reasoning capabilities.

Harnessing Multimodal Diffusion for Concept Localization and Supervision.
The recent emergence of Stable Diffusion 3 [96], built upon the Multimodal
Diffusion Transformer (MM-DiT) [287], introduces new possibilities for concept
generation and localization. Unlike its U-Net-based predecessors, MM-DiT may
enable more flexible attention-based localization techniques that can be harnessed
to identify semantic regions corresponding to generated concepts. Future work
could explore how to extract and localize these concepts to build stronger, higher-
resolution visual prototypes or even use them as direct supervision signals for
training segmentation models. This would alleviate the need for large retrieval
collections at inference time and move toward more scalable generative supervision
paradigms.
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