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Abstract

Image segmentation is an indispensable part of computer vision due to its interpre-

tative nature. However, training a robust segmenter presents significant challenges

due to the costly labour required to acquire pixel-level labels. This thesis aims to

explore various methodologies for learning strong visual representations for seg-

mentation with minimal or no manual supervision.

The structure of this thesis is divided into three parts: (i) E�cient Weakly-

supervised Learning for Semantic Segmentation; (ii) Semantic and Instance Seg-

mentation without Manual Annotations; and (iii) Self-supervised Learning for

Class-agnostic Image Segmentation.

In the first part, we demonstrate that considering a model’s uncertainty in

predictions can significantly reduce the number of annotations required to train

a segmenter that performs nearly as well as a fully-supervised one. This finding

underscores the critical role of pixels around semantic boundaries in helping the

model to learn representations suitable for segmentation.

In the second part, we propose a straightforward retrieve and co-segmentation

mechanism for semantic segmentation, which mimics how humans learn the visual

features of new object categories and enables a segmenter to classify the concept of

the object without manual supervision. We also illustrate how this mechanism can

be enhanced by substituting the co-segmentation component with a more advanced

object segmenter and how it can be extended to instance segmentation.

For the final part, we demonstrate how the strong visual correspondences pro-

vided by modern self-supervised models can be e�ectively utilised to segment an

object without any prior knowledge of the object’s concept.

Keywords – image segmentation, deep learning, e�cient weakly-supervised learning,

self-supervised learning
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Chapter 1

Introduction and Background

Image segmentation, which aims to di�erentiate regions for individual entities in

an image, is a pivotal component in computer vision—it facilitates visual inter-

pretation of how a computer vision system recognises entities, thereby enabling

interaction between humans and the system. For this reason, segmentation is

not only a subject of active research within the computer vision community but

also finds extensive applications across various industries, including autonomous

driving [Cordts et al. 2016], satellite imaging [Demir et al. 2018], and medical

analysis [Tobon-Gomez et al. 2015; Milletari et al. 2016; He et al. 2023]. Despite

its importance, however, training such a system poses a significant challenge: it

requires a vast quantity of pixel-level annotations, manually labelled by humans.

In this thesis, we raise the question, “How can we train a segmenter label-

e�ciently and, if possible, without human supervision?” and explore a variety of

approaches to address this inquiry. Particularly, we cover three aspects of this

question: (i) e�cient weakly-supervised learning for semantic segmentation; (ii)

semantic and instance segmentation without manual annotations; and (iii) self-

supervised learning for class-agnostic image segmentation.

We begin by introducing the key ideas behind the work along with the literature

review in Section 1.1, then we introduce the three themes of the thesis and their

respective contributions in Section 1.2. In Section 1.3, we provide a full list of the

works included in the thesis.
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Chapter 1. Introduction and Background

1.1 Key ideas and literature review

Humans are extremely adept at identifying the boundary of an object, even if they

have never encountered it before. Conversely, even state-of-the-art fully-supervised

segmentation models [Kirillov et al. 2023; Ke et al. 2023; Ravi et al. 2024], trained

with millions of human-labelled masks, frequently struggle to delineate an accurate

boundary when faced with a complex object. This leads to an intriguing question:

“Are there e�ective ways to train a robust segmentation system, while reducing or

even eliminating the need for large-scale human-laboured masks?”

To address this, we draw inspiration from how humans learn to segment enti-

ties, focusing on uncertainty, common visual features among objects of the same

category, and strong a�nities between local patches as follows.

Leveraging uncertainty in segmentation models. Not all pixels that com-

prise an entity hold equal significance. The human visual system instinctively over-

looks variations in colour and texture, such as di�erent parts of a car, by grouping

adjacent pixels together. Meanwhile, it processes other pixels with greater pre-

cision, even though they may seem similar to other parts of the entity (e.g., the

boundaries of an object, whose RGB values are often nearly identical to those of

neighbouring inner pixels). Interestingly, in a modern deep-learning-based seg-

menter, this can be observed through uncertainty—when a model makes predic-

tions on pixels near a boundary region, its uncertainty is significantly higher than

in a central region.

Building on this observation, in Chapter 2, we investigate the concept of “active

learning” within the context of semantic segmentation, which essentially involves

a subset selection problem: determining the most informative set of samples to

label within a fixed budget [Atlas et al. 1989; Seung et al. 1992; Lewis and Gale

1994; Freytag et al. 2014; Yoo and Kweon 2019]. In semantic segmentation, the

goal is to identify the subset of labelled pixels that yields the lowest generalisation

error when used to train a supervised model.
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Chapter 1. Introduction and Background

For this, di�erent strategies have been employed: selecting superpixels that

induce maximum label change using a CRF under weak supervision [Vezhnevets

et al. 2012], applying geometric constraints [Konyushkova et al. 2015; Mosinska-

Domanska et al. 2016], and propagating foreground masks across large image

collections [Jain and Grauman 2016]. In medical image segmentation, methods

like FCNs [Long et al. 2015] combined with bootstrapping [Yang et al. 2017] and

U-Nets [Ronneberger et al. 2015] using dropout-based Monte Carlo uncertainty

estimates [Gorriz et al. 2017] have been utilised to guide label acquisition through

uncertainty sampling.

The approach of learning an estimator for challenging regions [Yoo and Kweon

2019] has shown success in selecting images that require dense labelling for se-

mantic segmentation [Xie et al. 2020]. Moreover, adversarial learning has been

employed to align labelled and unlabelled image distributions by querying la-

bels [Sinha et al. 2019].

More relevant to our work in Chapter 2, prior research has explored region-

based sampling strategies for semantic segmentation, utilising reinforcement learn-

ing [Casanova et al. 2020], enforcing equivariance constraints [Golestaneh and Ki-

tani 2020], and creating learned estimators for labelling cost [Mackowiak et al.

2018]. Unlike these methods, our approach presents a more e�cient active learn-

ing paradigm for segmentation, emphasising training models with only sparse pixel

annotations, thereby removing the need for the localisation aspect of the annota-

tion task.

This notion of using uncertain pixels as the basic unit for human annotation

is adopted and further developed in the context of combining semi-supervised

learning and active learning for semantic segmentation [Chakravarthy et al. 2022]

and instance segmentation [Tang et al. 2022].

Conceptual visual feature abstraction via image retrieval and co-seg-

mentation. The visual features of an entity is ultimately defined by its concept,

subconsciously formed in a human’s mind through exposure to numerous instances

12



Chapter 1. Introduction and Background

of a particular concept, thereby abstracting away their di�erences. For instance,

although every car appears di�erent, when asked to draw one, we typically sketch

four wheels—two at the front and two at the back—with a body over the wheels.

This communal visual representation of a concept similarly influences the identi-

fication of boundaries for an instance belonging to that concept. For this reason,

the idea of co-segmentation, which involves segmenting entities of the same type

that appear across various images, has been the subject of extensive study using

traditional computer vision techniques [Rother et al. 2006; Mukherjee et al. 2009;

Vicente et al. 2010; Batra et al. 2010; Joulin et al. 2010; Vicente et al. 2011]. It

has recently been explored further with deep learning, utilising shared encoder

networks [Chen et al. 2018a; Li et al. 2019; Banerjee et al. 2019; Liu et al. 2020],

iterative refinement [Zhang et al. 2021a], and weak supervision [Hsu et al. 2018].

However, these prior works do not address classification of concepts—assuming a

collection of images of a certain concept is given, their approaches focus on predict-

ing foreground masks for the commonly appearing regions within the collection.

In Chapter 3, we make the first attempt to jointly solve classification of a con-

cept and co-segmentation, thereby enabling open-vocabulary semantic segmenta-

tion. Specifically, we do so without any expensive human-labelled annotations such

as pixel-level labels for segmentation. We realise this through two steps: (i) image

retrieval with a pre-trained visual-language model and (ii) co-segmentation with

shape-aware visual features. These steps e�ectively mimic how a human learns the

visual features of a concept they have never previously encountered, thus allow for

generalising to any category that the retrieval system can correctly retrieve.

The idea of our approach has been studied and further developed, notably in

Karazija et al. [2024], where a text-to-image di�usion model is used to create a

support set of images for a given concept, instead of the image retrieval step.

Strong local correspondences o�ered by self-supervised features. Mod-

ern self-supervised features exhibit strong visual correspondences between local

patches [He et al. 2020; Chen et al. 2020; Caron et al. 2020; Wang et al. 2021;

13



Chapter 1. Introduction and Background

Caron et al. 2021; Oquab et al. 2023]. In other words, similarly to how humans

group neighbouring pixels of an object despite their di�erences (e.g., colour and

intensity), these features e�ectively identify and associate similar patterns and tex-

tures across varied contexts, which can serve as an e�ective base for sophisticated

segmentation methods.

Based on these observations, extensive research has been conducted in the area

of unsupervised object segmentation [Siméoni et al. 2021; Melas-Kyriazi et al.

2022b; Wang et al. 2022b; Melas-Kyriazi et al. 2022a; Li et al. 2023; Siméoni

et al. 2023a; Siméoni et al. 2024]. An early study [Siméoni et al. 2021] extracts

features from a self-supervised network [Caron et al. 2021] and isolates the fore-

ground by initially identifying a seed patch with the lowest number of positive

correlations with other patches. Another line of approaches [Melas-Kyriazi et al.

2022a; Wang et al. 2022b] employs spectral clustering on self-supervised features

to di�erentiate the foreground from the background. In Chapter 6, we build up on

the latter by applying spectral clustering to an ensemble of self-supervised features

(e.g., SwAV [Caron et al. 2020], DINO [Caron et al. 2021], and MoCo [He et al.

2020]) to acquire a su�cient support set of foreground masks and deciding a single

representative salient mask within the support set via a winner-takes-all voting

strategy.

Self-supervised features have also been used to address a more challenging task

of unsupervised instance segmentation, which aims to segment multiple objects

in an image [Van Gansbeke et al. 2022; Wang et al. 2022a; Wang et al. 2023b].

The dominant type of approaches has been pseudo-label training which involves

first obtaining initial masks from object-centric images and training a segmenter

using the initial masks as pseudo-masks. Notably, inspired by the success of apply-

ing spectral clustering to self-supervised features for object segmentation [Melas-

Kyriazi et al. 2022a; Wang et al. 2022b; Shin et al. 2022a], a simple application

of repeated spectral clustering to acquire multiple object masks per image was

explored in [Wang et al. 2023b]. In Chapter 7, we also introduce a method for
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Chapter 1. Introduction and Background

unsupervised instance segmentation, which forgoes the compute-intensive spectral

clustering.

1.2 Thesis outline and contributions

This section outlines the subsequent chapters of the thesis and summarises the

main contributions. The thesis is organised into three themes: (i) e�cient weakly-

supervised learning for semantic segmentation; (ii) semantic and instance segmen-

tation without manual annotations; and (iii) self-supervised learning for class-

agnostic image segmentation.

Part I: E�cient weakly-supervised learning for semantic segmenta-

tion

In this theme, we explore an approach to reducing the number of human labels

required to train a robust segmenter by introducing the concept of a model’s “un-

certainty” in its predictions. Specifically, the segmenter requests labels only for

pixels where it is uncertain about its prediction, and a human annotator provides

labels for those specific pixels. This method demonstrates that, contrary to the

standard practice of using labels for every pixel in an image, a segmenter as strong

as a fully-supervised one can be achieved with just a few human labels per im-

age, which is more than 100◊ fewer than prior state-of-the-art weakly-supervised

methods. Interestingly, this approach reveals that regions deemed uncertain by

the segmenter are often closely aligned with the semantic boundaries of entities,

suggesting that these boundaries are crucial areas to focus on as they delineate

the distinctions between di�erent concepts.
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Chapter 1. Introduction and Background

Part II: Semantic and instance segmentation without manual anno-

tations

In this section, we delve deeper and explore semantic and instance segmentation

methods that do not rely on manual annotations.1 This raises a fundamental

question: “How can we inject semantics into the representations of a segmenter

without any human supervision?” We find an answer to this question by utilis-

ing a vision-language model (VLM) trained in a webly-supervised manner (i.e.,

CLIP [Radford et al. 2021]).

In Chapter 3, we propose the novel idea of leveraging the retrieval capability of

a pre-trained VLM from a large-scale unlabelled image dataset, in order to form

an archive of images for a given concept (i.e., class). For each concept, we apply a

co-segmentation algorithm to extract visual features from objects that frequently

appear across the images in the archive and use these distinctive features for

di�erent categories as prototypes. Entities in new images are then segmented based

on the similarities between their visual features and these prototypes. Despite its

simplicity, we demonstrate that this retrieve-and-co-segment approach not only

shows competitive performance in semantic segmentation compared to previous

state-of-the-art methods but also can generalise to extremely rare categories such

as “Antikythera mechanism.”2

In the following chapters, we build upon the method proposed in Chapter 3 and

replace the fragile co-segmentation algorithm with a separate unsupervised object

segmentation model, which greatly boosts the semantic segmentation performance

(Chapter 4). Then, we unify the VLM and the separate object segmenter into a

single network, while enabling it for instance segmentation in Chapter 5.
1By manual annotations, we refer to labels that are purposefully obtained through human labour
for segmentation tasks.

2The oldest known example of an analogue computer [Efstathiou and Efstathiou 2018]
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Part III: Self-supervised learning for class-agnostic image segmenta-

tion

In Parts I and II, segmenters are tasked with di�erentiating entities based on

their semantics, i.e., the concept of an object. While recognising the common

visual features shared between instances of the same category (e.g., the black and

white stripes of zebras) can be a significant clue for segmenting them, it is also

worth noting the generalisation ability of the human visual system that excels

at segmenting entities without prior knowledge of their categories. In Part III,

we explore how to replicate this ability through strong visual correspondences

provided by modern self-supervised features. Specifically, in Chapter 6, inspired

by the observation that clustering self-supervised features shows great potential for

object segmentation, we leverage an ensemble of di�erent self-supervised features

to obtain a single mask for the salient object within an image. In Chapter 7, we take

a step further and tackle class-agnostic unsupervised instance segmentation (i.e.,

multiple instance masks per image) by proposing a simple yet e�ective prompt-

and-merge approach.

1.3 Publications

Chapter 2 to Chapter 7 each contains a research paper. For each paper, we also

provide a statement of authorship in Appendix A. The papers included in the

thesis are listed below.

Chapter 2: “All you need are a few pixels: semantic segmentation with

PixelPick” Gyungin Shin, Weidi Xie, Samuel Albanie. In the Workshop on

Interactive Labeling and Data Augmentation for Vision (Best Paper Award), In-

ternational Conference on Computer Vision, 2021.
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Chapter 3: “ReCo: Retrieve and Co-segment for Zero-shot Transfer”

Gyungin Shin, Weidi Xie, Samuel Albanie. In Neural Information Processing

Systems, 2022.

Chapter 4: “NamedMask: Distilling Segmenters from Complementary

Foundation Models” Gyungin Shin, Weidi Xie, Samuel Albanie. In the

Workshop on Learning with Limited Labelled Data for Image and Video Under-

standing, Computer Vision and Pattern Recognition, 2023

Chapter 5: “Zero-shot Unsupervised Transfer Instance Segmentation”

Gyungin Shin, Samuel Albanie, Weidi Xie. In the Workshop on Learning with

Limited Labelled Data for Image and Video Understanding (Best Paper Award &

Oral Presentation), Computer Vision and Pattern Recognition, 2023

Chapter 6: “Unsupervised Salient Object Detection with Spectral Clus-

ter Voting” Gyungin Shin, Samuel Albanie, Weidi Xie. In the Workshop on

Learning with Limited Labelled Data for Image and Video Understanding, Com-

puter Vision and Pattern Recognition, 2022.

Chapter 7: “ProMerge: Prompt and Merge for Unsupervised Instance

Segmentation” Dylan Li*, Gyungin Shin*B. In European Conference on

Computer Vision, 2024.

Publications not included

1“arXiVeri: Automatic Table Verification with GPT” Gyungin Shin,

Weidi Xie, Samuel Albanie. In the AI for Science Workshop, Neural Information

Processing Systems, 2023.

2“Tails Tell Tales: Chapter-Wide Manga Transcriptions with Charac-

ter Names” Ragav Sachdeva, Gyungin Shin†, Andrew Zisserman. In Asian
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Conference on Computer Vision, 2024.

1This publication focuses on utilising a large language model to verify accurate

transcription of numerical data in scientific documents, which is not related to

this thesis topic and is therefore excluded.
2This work proposes a vision model for understanding manga, along with relevant

datasets, which is not closely related to the thesis topic and is therefore excluded.

*Equal contribution †Core contribution BCorresponding author
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Chapter 2

All You Need Are a Few Pixels: Semantic

Segmentation with PixelPick

This work has been accepted for publication and awarded the Best Paper Award

at the Interactive Labeling and Data Augmentation for Vision Workshop, Inter-

national Conference on Computer Vision (ICCV), 2021.
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All You Need Are a Few Pixels: Semantic

Segmentation with PixelPick

Gyungin Shin1 Weidi Xie1 Samuel Albanie1,2

1Visual Geometry Group, University of Oxford

2Department of Engineering, University of Cambridge

https://www.robots.ox.ac.uk/~vgg/research/pixelpick

Abstract

A central challenge for the task of semantic segmentation is the pro-

hibitive cost of obtaining dense pixel-level annotations to supervise model

training. In this work, we show that in order to achieve a good level of

segmentation performance, all you need are a few well-chosen pixel labels.

We make the following contributions: (i) We investigate the semantic

segmentation setting in which labels are supplied only at sparse pixel lo-

cations, and show that deep neural networks can use a handful of such

labels to good e�ect; (ii) We demonstrate how to exploit this phenomenon

within an active learning framework, termed PixelPick, to radically reduce

labelling cost, and propose an e�cient “mouse-free” annotation strategy to

implement our approach; (iii) We conduct extensive experiments to study

the influence of annotation diversity under a fixed budget, model pretrain-

ing, model capacity and the sampling mechanism for picking pixels in this

low annotation regime; (iv) We provide comparisons to the existing state

of the art in semantic segmentation with active learning, and demonstrate

comparable performance with up to two orders of magnitude fewer pixel
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Chapter 2. All You Need Are a Few Pixels: Semantic Segmentation with PixelPick

annotations on the CamVid, Cityscapes and Pascal VOC 2012 benchmarks;

(v) Finally, we evaluate the e�ciency of our annotation pipeline and its

sensitivity to annotator error to demonstrate its practicality.

2.1 Introduction

The coupling of deep neural networks and large-scale labelled datasets has yielded

significant progress on a host of core machine perception tasks. A key challenge

of training these models is their need for considerable quantities of annotation,

which can be prohibitively expensive to collect for applications that require either

specialised annotators such as medical image diagnostics [Abramo� et al. 2016;

Gulshan et al. 2016; Shih et al. 2019; Wang et al. 2020], or fine-grained labels,

such as for detection and segmentation [Lin et al. 2014].

Semantic segmentation, in particular, has proven valuable for decision making

in a variety of applications such as digital pathology [Tokunaga et al. 2019], remote

sensing [Wurm et al. 2019] and autonomous driving [Yang et al. 2018]. However,

its requirement of per-pixel annotations raises significant scalability challenges—

on average more than 1.5 hours of annotation and quality control was required for

each image in the Cityscapes segmentation dataset [Cordts et al. 2016].

The objective of this work is to propose a simple yet e�ective approach for

training a good semantic segmentation model at minimal annotation cost. Our

approach is motivated by three observations: (1) Within a given image, pixels

exhibit significant spatial mutual information; (2) Deep neural networks possess

a strong inductive bias that renders them appropriate for modelling these spatial

dependencies [Ulyanov et al. 2018]; (3) Collecting mask, scribble or click anno-

tations requires annotators to “localise and classify” using a mouse or trackpad.

By contrast, assigning a class to a pixel proposal can be “mouse-free”, requiring

instead only a “classify” task without a localisation component (and which can be

performed via a single key-press). The first two factors imply that densely labelling
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Figure 2.1: All you need are a few pixels: We show that deep neural networks
can obtain remarkable performance with just a handful of labelled pixels per im-
age whose spatial coordinates are proposed by the model, rather than the human
annotator. We compare our approach, PixelPick, with existing active learning and
semi-supervised approaches on the CamVid dataset [Brostow et al. 2009] (see Sec-
tion 2.4 for further details).

all pixels in images may be highly redundant, while the third suggests the pos-

sibility of designing an e�cient sparse pixel labelling strategy. Several questions

then arise: how many sparse pixel labels are needed to achieve good performance?

how should those pixel locations be selected? and how can the selected pixels be

annotated e�ciently?

In this paper, we address these questions through the lens of active learning [At-

las et al. 1989; Seung et al. 1992]. In contrast to passive supervised learning (where

the model is tasked to learn the mapping from a fixed set of input-output pairs),

active learning considers a dynamic scenario in which a model can interactively

request labels for the samples that it believes will be most useful for solving a given

task. Our proposed PixelPick framework adopts this paradigm, learning a model

for semantic segmentation by alternating between training on previously labelled

pixels and requesting new labels.

We make the following contributions: (i) We study the problem setting in

which labels are supplied at the level of sparse pixels and show that with only a

small collection of such labels, modern deep neural networks can achieve good per-

formance; (ii) We show how this phenomenon can be exploited with an e�cient

and practical “mouse-free” annotation strategy as part of a proposed PixelPick
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active learning framework; (iii) We perform a series of experiments into factors

that a�ect model performance in the low-annotation regime: annotation diver-

sity, architectural choices and the design of the sampling mechanisms for selecting

most useful pixels; (iv) We compare with other state of the art active learning

approaches on standard segmentation benchmarks: CamVid, Cityscapes and Pas-

cal VOC 2012, where we demonstrate comparable segmentation performance with

significantly lower annotation budget (Fig. 2.1); (v) Lastly, we assess PixelPick

from the perspective of practical deployment, assessing its annotation e�ciency

and robustness.

2.2 Related work

Our work is related to several themes of research that have sought to minimise

labelling costs for semantic segmentation, as discussed next.

Weakly-supervised semantic segmentation. Many weak supervisory signals

have been explored in the literature as a pragmatic compromise between fully

supervised [Long et al. 2015] and fully unsupervised approaches to semantic seg-

mentation [Ji et al. 2019]. These cues include scribbles [Lin et al. 2016], eye

tracking [Papadopoulos et al. 2014], object pointing [Bearman et al. 2016; Qian

et al. 2019; Cheng et al. 2021a], web-queried samples [Jin et al. 2017], bounding

boxes [Dai et al. 2015; Khoreva et al. 2017; Song et al. 2019], extreme clicks for ob-

jects [Papadopoulos et al. 2017; Maninis et al. 2018] and image-level labels [Zhou

et al. 2016; Wei et al. 2018; Fan et al. 2018]. Di�erently from these approaches, we

gather labels at sparse pixel locations proposed by the model itself, rather than at

locations selected by the annotator, and show that very few such annotations are

needed for good performance.

Interactive annotation. There is rich body of computer vision literature con-

sidering the related problem of accelerating interactive annotation. The seminal
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work of [Boykov and Jolly 2001] demonstrated how to exploit scribbles to indi-

cate the foreground/background appearance model and leverage graph-cuts for

segmentation [Boykov and Kolmogorov 2004]. This was later extended to the use

of multiple scribbles on both object and background, applied to annotating ob-

jects in videos [Nagaraja et al. 2015]. [Rother et al. 2004] exploited 2D bounding

boxes provided by the annotator and performed pixel-wise foreground/background

labelling using EM. Recent work [Castrejon et al. 2017] tasks a model with sequen-

tially producing the vertices of a polygon outlining an object, given an appropriate

crop. As with the weakly-supervised signals described above, these methods are

passive in the sense that the labelling process is driven by the human annotator,

rather than the model.

Semi-supervised semantic segmentation. Inspired by classical self-labelling

approaches which aim to leverage unlabelled data to improve a classifier [Scudder

1965; Yarowsky 1995], a number of semi-supervised approaches have been devel-

oped to make use of pseudo-labelling algorithms [Lee 2013] for semantic segmen-

tation in a low-annotation regime. Consistency-based pseudo-labelling methods

have recently demonstrated promising results, highlighting the important role of

aggressive data augmentations when only a small number of densely annotated

images or regions are available [Ouali et al. 2020a; French et al. 2019].

Our approach di�ers from theirs in several ways: (i) our model is trained from

sparse pixel annotations, rather than a small number of densely labelled images,

(ii) we employ active learning (samples are dynamically selected and queried for

annotation by the model), which, as we show through experiments, brings addi-

tional improvements. We compare our approach quantitatively with theirs in Sec-

tion 2.4.3.

Active learning for semantic segmentation. At its core, active learning is a

set selection problem; the aim being to determine the most informative subset of

samples to acquire labels for, given a labelling budget [Atlas et al. 1989; Seung et al.
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1992; Lewis and Gale 1994; Freytag et al. 2014; Yoo and Kweon 2019]. In this case

the maximally informative labelled-pixel subset is the one which yields the lowest

generalisation error when used to train a supervised semantic segmentation model.

Prior work targeting segmentation has investigated strategies to select superpixels

that induce the maximum label change for a CRF on the training set by using

weak (image-level category) supervision [Vezhnevets et al. 2012], incorporate geo-

metric constraints [Konyushkova et al. 2015; Mosinska-Domanska et al. 2016] and

propagate foreground masks to large-scale image collections [Jain and Grauman

2016]. For foreground segmentation of medical imagery, FCNs [Long et al. 2015]

have been coupled with bootstrapping [Yang et al. 2017], and U-Nets [Ronneberger

et al. 2015] with dropout-based Monte Carlo estimates of uncertainty [Gorriz et al.

2017] to drive label acquisition via uncertainty sampling. The strategy of learning

an estimator for di�cult regions [Yoo and Kweon 2019] has proven e�ective as a

basis for selecting which images should be densely labelled for semantic segmenta-

tion [Xie et al. 2020]. Adversarial learning has also been explored to query labels

that align distributions of labelled and unlabelled images [Sinha et al. 2019].

More closely related to our work, prior studies have considered region-based

sampling strategies for semantic segmentation, employing reinforcement learn-

ing [Casanova et al. 2020], equivariance constraints [Golestaneh and Kitani 2020]

and learned estimators of labelling cost [Mackowiak et al. 2018]. In contrast to

these lines of research, our work aims to introduce a more e�cient paradigm of

active learning for segmentation, which is to train models by only querying sparse

pixel annotations (removing the localisation component of the annotation task).

Concurrent to our work, Cai et al. [Cai et al. 2021] explore the use of super-pixels

with active learning. We compare our work with theirs and with other region-

based sampling strategies noted above in Section 2.4.
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Figure 2.2: Overview of the PixelPick active learning framework. Given
a database of unlabelled pixels of interest (1) each image is fed to a segmentation
model to produce pixel-wise class probabilities (2), which are in turn passed to
an acquisition function to estimate per-pixel uncertainties and select a batch of B

pixels to be labelled (3). The queries are sent to annotators (4), and the resulting
labels are added to the labelled pixel database, DL (5). Finally, the segmentation
model is retrained on the expanded database (6), before the cycle repeats. To
bootstrap the process and train the initial segmentation model, we randomly sam-
ple B pixels and send them to be annotated. See text in Section 2.3 for further
details.

2.3 Method

In this section, we describe the problem formulation and introduce our frame-

work for pixel-level active learning semantic segmentation in Section 2.3.1. We

then detail our mouse-free annotation tool to e�ciently implement the framework

in Section 2.3.2.

2.3.1 PixelPick framework

We seek to train a model for semantic segmentation with pool-based active learn-

ing [Settles 2009], in which we alternate between training a model on available an-

notation and requesting labels for unlabelled samples from an oracle (see Fig. 2.2).

More formally, let X µ RH◊W ◊3 denote the space of colour images and let
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�(·; �) : X æ YH◊W represent a ConvNet with parameters � that maps a given

image to a grid of elements in a C-class semantic label space (here Y denotes

the (C ≠ 1)-simplex, i.e. Y = {(p1, . . . , pC) œ [0, 1]C : q
C

p=1 pi = 1, pi Ø 0}).

We assume access to an initial unlabelled pool of N images, DU , indexed by the

H ◊W ◊N pixel coordinate lattice, �, and an annotation database, D0
L
, initialised

to an empty state.

At the k
th round of learning, a batch of B œ N pixel coordinates, Êk µ �, are

sampled by an acquisition function, A, using the predictions of the model trained in

the previous round, �(·; �k≠1), on the unlabelled pool DU , i.e., A(DU , �(·; �k≠1)) =

Êk µ �. The sampled pixel coordinates Êk are then sent to an oracle for labelling

to produce a corresponding set of one-hot labels {yu œ Y : u œ Êk} that are

added to the latest version of the annotation database, Dk≠1
L

. Finally, the model

is retrained on this expanded database, Dk

L
= fik

i=1{(u, yu) : u œ Êi} (compris-

ing all annotations gathered so far), to produce a new model, �(·; �k), and the

process is repeated. We term this framework PixelPick due to its emphasis on se-

lecting appropriate pixels for annotation. The two components of the framework,

namely retraining the segmentation model and sampling new pixel coordinates, are

discussed next.

Retraining the segmentation model. At round k of the active learning al-

gorithm, we solve for parameters �k by minimising a cross-entropy loss at each

labelled pixel coordinate present in the current annotation database Dk

L
:

�k = argmin
�

L(�, Dk

L
) where (2.1)

L(�, Dk

L
) = ≠ 1

|Dk

L
|

nÿ

(u,yu)œDk
L

Cÿ

c=1
yu(c) · log(ŷu(c)). (2.2)

In the expression above, yu(c) and and ŷu(c) denote the c
th channel of the oracle-

provided label and corresponding model prediction at pixel coordinate u, respec-

tively.
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Sampling new pixel coordinates for labelling. The objective of the acqui-

sition function, A, is to sample the B pixel locations at round k that maximise

improvement in segmentation performance for the current model �(·; �k≠1). Func-

tionally, it acts by examining the predictions of �(·; �k≠1) across all candidate pixel

coordinates among the unlabelled pool Du and sampling B such coordinates ac-

cording to a specified criterion.

Discussion. The distinction between sampling contiguous spatial patches for an-

notation (e.g., grids of 128x128 pixels or larger as considered in prior work [Mack-

owiak et al. 2018; Golestaneh and Kitani 2020; Casanova et al. 2020]), and sam-

pling individual pixel coordinates, as proposed within the PixelPick framework, is

a subtle but important one. It has two key benefits. The first, as noted in Sec-

tion 2.1, is that it allows us to leverage the powerful inductive biases provided by

deep neural network architectures that render them well suited to modelling spa-

tial dependencies in natural images [Ulyanov et al. 2018]. The second is a practical

one: by providing annotators with pixel coordinate proposals, the labelling pro-

cess is transformed from a “localise and classify” task (required when segmenting

semantic regions and typically performed with a mouse or trackpad), into simply

a “classify” task in which a class label is assigned to a coordinate proposal, and

which can often be performed with a single key-press. We validate both claims

through experiments in Section 2.4, where we show that (i) deep neural networks

achieve strong segmentation performance at extremely sparse annotation levels,

and (ii) “mouse-free” annotation can be performed very e�ciently.

Acquisition functions. The design of the specific criteria employed by the

acquisition function has been the subject of considerable attention in the active

learning literature (see [Settles 2009] and [Ren et al. 2020] for surveys of classical

and recent approaches, respectively). Since the focus of our work is not the design

of another criterion, but rather on the e�ectiveness of individual pixels as the

base unit for annotation, we consider several existing approaches based on the
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framework of uncertainty sampling [Lewis and Gale 1994] that have been noted as

e�ective in the literature, discussed next.

The Least Confidence acquisition strategy [Lewis and Catlett 1994; Culotta

and McCallum 2005] draws, at each iteration, the pixel coordinate for which the

model has least confidence in its most likely class label. The Margin Sampling

strategy [Sche�er et al. 2001] looks for samples that exhibit the smallest di�er-

ence (i.e. lowest “margin”) between the first and second most probable labels.

Finally, the Entropy Sampling strategy aims to select the pixel coordinate with

the greatest conditional entropy [Shannon 1948] under the current model. Formal

mathematical descriptions of each method are given in the supplementary.

As noted in prior work [Beluch et al. 2018; Yoo and Kweon 2019], these strate-

gies can su�er from a lack of diversity if applied naively, but can be readily adapted

to minimise this e�ect by first sub-sampling the unlabelled pool and then employ-

ing the acquisition function to choose only from this restricted subset. A variation

of this diversity heuristic worked well on our task: We first rank all pixels using the

acquisition function, then uniformly sampling B/N pixel coordinates from the top

M% ranked locations in each image, where M is a hyperparameter and N denotes

the number of images we distribute our budget B amongst. We note that while

more sophisticated strategies (e.g. [Sener and Savarese 2018]) could also be consid-

ered within our framework, a simple Margin Sampling strategy coupled with the

modification described above proved e�ective (shown through experiments in Sec-

tion 2.4), and thus we adopt it in this work.

Sampling batches. The number of pixel coordinates sampled in each round, B,

is set as a hyperparameter. A larger value of B corresponds to fewer rounds of

annotation (and therefore a potentially faster deployment cycle), at some cost in

performance. A detailed study of the e�ects of B is provided in the supplementary

material.
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Figure 2.3: PixelPick mouse-free annotation tool. The annotator classifies
the highlighted point (in red) by pressing the keyboard character of the corre-
sponding class for the dataset. The tool then highlights the next pixel proposal
and the process repeats. Note that the task requires the annotator to perform
classification, but not localisation.

2.3.2 PixelPick annotation tool

To demonstrate the practical utility of the PixelPick framework, we created an

annotation tool to support the labelling process (Fig. 2.3). The tool is simple: for

each image, the annotator is presented with a few pixels that were selected by the

PixelPick acquisition function (described in Section 2.3.1). They are also shown a

mapping from keyboard keys to semantic labels (Fig. 2.3, right hand side). The

tool iterates over the pixel locations, highlighting the current pixel in red and the

annotator simply presses the appropriate key to classify it. The tool then moves

on to the next pixel proposal, and the procedure repeats until all proposals in the

image are exhausted, when a new image is shown.

We note that an important di�erence between this annotation technique and

those considered in prior work (e.g., scribbles [Lin et al. 2016], object point-

ing [Bearman et al. 2016; Qian et al. 2019], extreme clicks [Papadopoulos et al.

2017; Maninis et al. 2018] etc.) is that it is “mouse-free”—requiring only key

presses from the user—but avoids the complexity of specialised approaches such

as eye tracking [Papadopoulos et al. 2014]. In Section 2.4, we conduct experiments

to validate the e�ciency of the proposed annotation tool.
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2.4 Experiments

In this section, we first describe datasets and implementation details for our ex-

periments in Section 2.4.1. In Section 2.4.2, we conduct extensive ablation studies,

and we then compare with existing state of the art approaches in Section 2.4.3.

Finally, in Section 2.4.4, we demonstrate the practical feasibility and robustness

of PixelPick by reporting annotation times and investigating its sensitivity to an-

notator errors.

(a) E�ect of depth (CamVid) (b) E�ect of depth (VOC12)

(c) E�ect of pretraining (CamVid) (d) E�ect of pretraining (VOC12)

Figure 2.4: Ablation studies. In (a) and (b), we investigate the e�ect of seg-
mentation encoder depth on CamVid and VOC12, respectively. We observe that
greater depth consistently helps performance above a threshold of 10 pixel labels
per image. In (c) and (d), we compare fully-supervised ImageNet classification
pretraining with self-supervised ImageNet (MoCov2 [Chen et al. 2020]) pretrain-
ing for the encoder on CamVid and VOC12, respectively, where we see that for
lower numbers of pixel labels per image that fully-supervised pretraining is a bet-
ter choice, but the situation reverses as more annotations become available.
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2.4.1 Experimental setup

Datasets. We conduct experiments on the widely used CamVid [Brostow et al.

2009], Cityscapes [Cordts et al. 2016] and Pascal VOC 2012 [Everingham et al.

2015] (abbreviated to VOC12) datasets. Detailed descriptions of each dataset are

provided in the supplementary.

Training setting. During each round of active learning, we enforce the cross-

entropy loss only on the labelled pixels (i.e., those in Dk

L
for round k), as described

in Section 2.3.1. Unless otherwise stated, M , the hyperparameter defining the % of

top ranked pixel coordinates used as a basis for uniform sampling is set to 5, while

B, the pixel labelling budget per round is set to 10N for CamVid and Cityscapes

and 5N for VOC12, where N is the number of images in the dataset. At the

beginning of each round, we reinitialise the model and train from scratch with the

updated labelled pixels. For details about optimisation and data augmentation,

please refer to the supplementary.

Evaluation metrics. Following standard practice [Golestaneh and Kitani 2020;

Xie et al. 2020; Ouali et al. 2020a; Mackowiak et al. 2018], we compute mean

intersection over union (mIoU), report our results on the test set for CamVid, and

on the validation set for Cityscapes and VOC12 datasets. To provide a measure

of variance in our low data regime, we report the average of 3 di�erent runs (i.e.,

di�erent seeds) on Pascal VOC 2012 and 5 runs on CamVid and Cityscapes for all

experiments. We plot their standard deviations as shaded regions (±1 std. dev.).

2.4.2 Ablation studies

In this section, we explore the e�ect of four factors that a�ect performance in the

PixelPick framework, with a particular focus on annotation diversity (with the

goal of finding the most e�ective way to spend an annotation budget); encoder

depth (varying the capacity of the encoder); encoder initialisation (self-supervised
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vs supervised pretraining); and acquisition function (determining the best way to

select pixels). Note that, while investigating the first three factors, all pixels are

selected via simple uniform random sampling, with the goal of validating the ef-

fectiveness of inductive bias in modern ConvNets. We simulate the active learning

process, following standard practice [Golestaneh and Kitani 2020; Xie et al. 2020;

Casanova et al. 2020], i.e. to label the queried pixels, we simply reveal labels by

querying the ground truth annotations at their spatial coordinates.

Annotation diversity. Given a fixed pixel labelling budget (B pixels), a nat-

ural question arises: is it better to label a small number of images densely or a

large number of images sparsely? To address this question we design a simple

experiment, where a fixed annotation budget of n pixels is to be distributed over a

dataset of Ntotal images. We define the annotation diversity ratio, ÷ = Nimg
Ntotal

, where

Nimg refers to the number of images that have had at least one pixel labelled (for

simplicity, we assume the labelling budget is evenly distributed over the selected

set of images). Therefore, ÷ æ 1 refers to a budget uniformly distributed over the

full dataset (thereby forming a sparse, but diverse, label set), ÷ æ 0 denotes the

case where the budget is only spent on a few images (yielding a densely annotated

subset of images). We then train DeepLabv3+ models on CamVid and Cityscapes,

fixing B so as to end up with 10 pixel labels per image when ÷ = 1, and experi-

ment with 5 di�erent diversity ratios ÷ from 0.01 to 1.0. In Fig. 2.5a, we observe

that mean IoU increases monotonically with ÷. This indicates that, given a fixed

budget, it is better to sparsely annotate as many images as possible, rather than

a smaller number more densely, motivating our sparse PixelPick approach. In the

remaining experiments, we likewise spend our annotation budget evenly across all

images within a dataset (as described in Section 2.3.1), with each image being only

sparsely labelled.

Encoder depth. We next investigate the e�ect of encoder capacity in the low an-

notation regime. Specifically, we experiment with a ResNet-based FPN by chang-
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ing the number of layers in the encoder from 18 to 101 layers. All encoders are

initialised with a model pretrained for classification on ImageNet [Russakovsky et

al. 2015]. We conduct experiments both on CamVid (training each model with 1

to 100 randomly labelled pixel coordinates per image) and VOC12 (training each

model with 1 to 1000 randomly sampled labelled pixel coordinates per image),

reporting results in Fig. 2.4a and Fig. 2.4b, respectively. We observe that deeper

networks yield higher performance above a minimum number of labelled pixels (ap-

proximately 10) per image. This implies that, at the cost of greater computational

complexity, the use of a deeper network may be a viable way to reduce annotation

requirements in low annotation regimes (above some minimum labelling threshold).

(a) E�ect of annotation di-
versity

(b) Acquisition functions
(CamVid)

(c) Sensitivity to annota-
tor error (VOC12)

Figure 2.5: Ablation studies. In (a), we observe that sparsely annotating a
larger number of images (higher ÷ value) outperforms denser labelling of fewer
images, with consistent trends on the CamVid and Cityscapes datasets. In (b), we
compare acquisition functions on CamVid and find that Margin Sampling performs
best. In (c), we investigate the sensitivity of the PixelPick framework to annotator
errors by simulating a pixel classification user error (SUE) rate of 10%. We observe
that performance is only marginally a�ected, indicating the practical robustness
of the PixelPick framework.

Encoder initialisation. Next, we investigate whether supervised pretraining is

necessary for good segmentation performance in a low annotation regime. Con-

cretely, we compare the performance of an FPN-based architecture with a ResNet50

encoder that is initialised using either supervised (ImageNet classification) or self-

supervised (MoCov2 [Chen et al. 2020]) pretraining. To study how performance

di�ers with the number of labelled pixels, we vary the annotation budget from

1 to 104 randomly sampled labelled pixels per image on CamVid (Fig. 2.4c) and
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(a) Comparison to prior
work on Cityscapes

(b) Qualitative results for models trained with PixelPick
on VOC12 (top) and Cityscapes (bottom)

Figure 2.6: Comparison to state-of-the-art and qualitative results. In (a)
we observe that PixelPick performs favourably against existing state-of-the-art ap-
proaches for active learning and semi-supervised learning on Cityscapes. In (b)
we show qualitative results. With only 10 labelled pixels per image, segmentation
models trained with PixelPick achieve promising visual quality, which further im-
proves to capture fine details (e.g., the cleanly segmented thin lamppost in the
bottom right image) as further labelled pixels are used.

VOC12 (Fig. 2.4d). On CamVid, we observe an interesting biphasic phenomenon:

when the number of labelled pixels per image is fewer than 10, the model initialised

with supervised ResNet50 shows superior performance. However, as the number of

pixel labels increases, self-supervised pretraining gradually outperforms its super-

vised counterpart. This phenomenon is also observed on the VOC12 dataset, with

a cross-over occurring at approximately 102 labelled pixels per image. Thus, super-

vised pretraining may be an appropriate choice for low annotation budgets, when

suitable pretraining annotations are readily available, but its advantage wanes the

annotation budget grows. Given its superiority at low annotation levels, we adopt

supervised pretraining for the remaining experiments.

Acquisition function. Thus far, we have only labelled pixels selected via simple

uniform random sampling, showing that modern CNNs—with their strong induc-

tive biases—can be trained for semantic segmentation with just a handful of pixel

annotations per image. Here, we go one step further, investigating whether a bet-

ter choice of acquisition function can further improve learning e�ciency. To this

end, we experiment on CamVid with three popular uncertainty sampling meth-

ods (described in Section 2.3.1): Least Confidence (LC), Margin Sampling (MS)
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and Entropy Sampling (ENT). In addition, we also experiment with a Query-By-

Committee (QBC) [Seung et al. 1992] approach that queries labels using model

ensembles [Settles 2009]. We implement this with dropout after each convolutional

layer, repeating inference 20 times to obtain a Monte Carlo estimate following [Gal

and Ghahramani 2016]. Due to the large number of models to be trained (i.e.,

di�erent acquisition functions, each trained five times to estimate variance), we em-

ploy the lightweight MobileNetv2-based DeepLabv3+ model. We initialise training

with 10 uniform randomly selected labelled pixels per image. Once training con-

verges, we query 10 additional pixel labels with the given acquisition function. As

described in Section 2.3.1, we first take top M% ranked pixels (here, M = 5) per

image under the uncertainty estimation ranking and uniformly sample 10 pixels

from these pixels. Fig. 2.5b shows the results. We see that all uncertainty-based

methods outperform the random baseline in every round. Interestingly, dropout-

based voting variants of LC, MS and ENT each show worse performance than

their counterparts voting—a similar observation was also made in [Casanova et al.

2020]. We note that in our problem setting, Margin Sampling (MS) outperforms

other strategies, reaching about 96% of the performance of the fully supervised

baseline with only 100 pixels per image (0.06% of the annotations). Therefore, we

use MS as our sampling method for PixelPick to compare against previous work

in the following section.

Discussion. To summarise, we can draw the following conclusions from the ab-

lation studies: First, given a fixed pixel annotation budget, it is best to spread it

over as many images as possible; Second, the inductive bias in modern ConvNets

makes them well-suited to capture local correlations within an image, evidenced

by the first three experiments, where models trained with randomly sampled pixels

still perform well; Third, although it might be thought that deeper networks with

greater capacity would su�er significantly from over-fitting in the low-annotation

regime, we found that for many budget choices, deeper networks are the preferred

option. Fourth, in terms of acquisition functions, active learning outperforms ran-
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Method Backbone Train set (anno. type) mIoU

Weakly-supervised methods

GAIN [Li et al. 2018] VGG16 10.5K imgs (classes) 55.3
MDC [Wei et al. 2018] VGG16 10.5K imgs (classes) 60.4
DSRG [Huang et al. 2018] ResNet101 10.5K imgs (classes) 61.4
FickleNet [Lee et al. 2019] ResNet101 10.5K imgs (classes) 64.9
BoxSup [Dai et al. 2015] VGG16 10.5K imgs (boxes) 62.0
ScribbleSup [Lin et al. 2016] VGG16 10.5K imgs (scribbles) 63.1

Interactive weak supervision

PixelPick (Ours) ResNet50 1.5K imgs (sparse pixels) 65.6

Table 2.1: Comparison to existing weakly-supervised methods on VOC12
validation set. PixelPick is competitive against existing methods, using a budget
of 20 pixel annotations per image when trained on a much smaller number of
images.

dom sampling, and in particular, Margin Sampling performs best in our setting.

2.4.3 Comparison to state-of-the-art methods

We next validate our framework by comparing against prior work in active/semi-

supervised learning on CamVid (Fig. 2.1) and Cityscapes (Fig. 2.6a) and in weakly-

supervised learning on Pascal VOC 2012 (Table 2.1). To strike a balance be-

tween computation complexity and performance, we adopt the FPN model with a

ResNet50 backbone, and query additional samples each round with Margin Sam-

pling, as suggested by the ablation study. We train for 10 query rounds, with each

round adding 10 labelled pixels per image for CamVid and Cityscapes and 5 pixels

for VOC12.

Comparison to region-based active learning and semi-supervised meth-

ods. In Fig. 2.1 and Fig. 2.6a, we observe that our approach performs favourably

to existing semi-supervised and region-based active learning approaches in terms

of label e�ciency on both CamVid and Cityscapes, highlighting that the strong

inductive bias of CNNs can make good use of pixel-level supervision.
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Comparison to previous weakly-supervised learning work. In Table 2.1,

we compare our results on VOC12 to weakly-supervised models which leverage

di�erent forms of ground truth annotation. We observe that PixelPick compares

favourably to existing methods (each trained on 10.5K images) when PixelPick

uses a budget of 20 pixel annotations per image across only 1.5K training images

(since active learning involves retraining the model multiple times, we use a limited

size of training set). For reference, note that other methods such as BoxSup [Dai

et al. 2015] and ScribbleSup [Lin et al. 2016] use multiple annotations per image,

depending on the number of objects present.

Comparison to concurrent work of active learning for semantic segmen-

tation In Fig. 2.7, we compare with the concurrent work of [Cai et al. 2021],

which employs sparse superpixel annotation. To account for the di�erences be-

tween the architectures and training image resolutions used in each method, we

compare the methods according to the % of fully supervised performance attained

by the model. On the x-axis, we indicate the annotation cost (measured as the

number of keyboard inputs for querying pixel labels, i.e., the “class clicks” re-

ferred to in [Cai et al. 2021]). We observe that our proposed PixelPick approach

is competitive with the concurrent work. In particular, we note that PixelPick is

able to reach 90% performance with fewer annotation cost on both Cityscapes and

VOC12 benchmarks.

2.4.4 Practical deployment

Thus far, we have largely followed the common practice in previous active learn-

ing segmentation work, mimicking the labelling process by simply disclosing the

corresponding labels from the fully-annotated dataset. In this section, we evaluate

the e�ciency of PixelPick (Fig. 2.3) and its sensitivity to annotator noise during

model training.

In detail, we ask eleven annotators to label 100 images from VOC12 dataset,
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Figure 2.7: A comparison based on estimated annotation cost. We compare
PixelPick against the concurrent work of [Cai et al. 2021] in terms of mIoU ratio
vs annotation cost approximated by the amount of clicks on (left) Cityscapes and
(right) VOC12 datasets.

with 10 pixels per image, we measure the average time and accuracy (between an-

notator and the groundtruth from original dataset). As a result, with our simple

unoptimised annotation tool, it takes 1.42 seconds on average to label the queried

pixel (14s per image), with 87.7% average accuracy. To our knowledge, this anno-

tation speed is significantly faster than drawing bounding boxes or scribbles [Dai et

al. 2015; Lin et al. 2016], and approximately twice as fast as picking extreme points

according to times reported by [Papadopoulos et al. 2017]. Additionally, given the

observed annotation error rate, we conduct an experiment to assess the influence

of these noisy annotations, that is, we artificially jitter 10% of the groundtruth

annotations to simulate errors during the annotation process and train a model

on pixels containing this label noise. As shown in Fig. 2.5c, the performance gap

incurred from annotation noise is negligible, indicating that our framework is not

only e�cient with respect to annotation time but also robust to potential errors

caused by annotators. This is an encouraging sign for the practical potential of

the PixelPick framework for real-world deployment.

2.5 Conclusion

In this work we proposed PixelPick, a framework for semantic segmentation that

employs a small number of sparsely annotated pixels to train e�ective segmentation
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models. We showed that PixelPick requires considerably fewer annotations than

existing state-of-the-art to achieve comparable performance. Finally, we showed

how annotation for pixel-level active learning can be obtained e�ciently with a

mouse-free labelling tool, facilitating real-world deployment. We hope that our

work encourages further research into the promising use of sparse pixel-level an-

notation for image understanding.
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Abstract

Semantic segmentation has a broad range of applications, but its real-

world impact has been significantly limited by the prohibitive annotation

costs necessary to enable deployment. Segmentation methods that forgo su-

pervision can side-step these costs, but exhibit the inconvenient requirement

to provide labelled examples from the target distribution to assign concept

names to predictions. An alternative line of work in language-image pre-

training has recently demonstrated the potential to produce models that

can both assign names across large vocabularies of concepts and enable

zero-shot transfer for classification, but do not demonstrate commensurate

segmentation abilities.

We leverage the retrieval abilities of one such language-image pre-trained

model, CLIP, to dynamically curate training sets from unlabelled images

for arbitrary collections of concept names, and leverage the robust corre-

spondences o�ered by modern image representations to co-segment entities

among the resulting collections. The synthetic segment collections are then
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employed to construct a segmentation model (without requiring pixel labels)

whose knowledge of concepts is inherited from the scalable pre-training pro-

cess of CLIP. We demonstrate that our approach, termed Retrieve and

Co-segment (ReCo) performs favourably to conventional unsupervised seg-

mentation approaches while inheriting the convenience of nameable predic-

tions and zero-shot transfer. We also demonstrate ReCo’s ability to generate

specialist segmenters for extremely rare objects.

3.1 Introduction

The objective of semantic segmentation is to partition an image into coherent

regions and to assign to each region a semantic label. This task has myriad ap-

plications across domains such as medical image analysis, autonomous driving,

industrial process monitoring and wildlife tracking. However, there are several key

challenges that have hindered the deployment of existing semantic segmentation

approaches to date: (1) Cost: collecting manual pixel-level annotations is extraor-

dinarily expensive (e.g., 90 minutes per image for high quality labels [Cordts et al.

2016]), limiting the use of fully-supervised approaches; (2) Flexibility: supervised

approaches have typically been trained with limited lists of pre-defined categories

and lack the ability to recognise rare or novel categories (such as those described

by free-form text); (3) Complexity of deployment: unsupervised segmentation

methods have dramatically reduced annotation costs, but still exhibit the incon-

venience of requiring labelled examples to assign names to predictions; (4) Data

access: many existing approaches (both supervised and unsupervised) are trained

on the target data distribution, requiring both that this distribution is known at

training time (limiting flexibility) and that this data is accessible, which may not

be the case for legal/ethical reasons (e.g., medical image data).

There is a rich body of semantic segmentation literature that proposes solutions

to subsets of these challenges, but to our knowledge no existing work addresses

their full combination. To tackle all four challenges, we draw inspiration from two
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Figure 3.1: We propose ReCo, a new framework for semantic segmentation zero-
shot transfer without pixel supervision. The figure depicts ReCo segmentations for
COCO-Stu� [Caesar et al. 2018], indicating promising results in the challenging
zero-shot transfer setting. We also illustrate results with unsupervised adaptation
to the target distribution (ReCo+), trading flexibility for improved segmentation
quality.

lines of recent research. The first line of research has shown that modern deep

architectures (most notably vision transformers [Dosovitskiy et al. 2021]) develop

the ability to infer the spatial extent of objects without pixel supervision [Caron

et al. 2021; Naseer et al. 2021; Siméoni et al. 2021; Wang et al. 2022b; Shin

et al. 2022a; Melas-Kyriazi et al. 2022a] and moreover can establish semantically

consistent correspondences across images [Collins et al. 2018; Hamilton et al. 2022].

The second line of research has demonstrated that large-scale visual-language pre-

training [Radford et al. 2021; Jia et al. 2021] produces models that possess both

a large vocabulary and remarkable zero-shot transfer potential—the ability to

recognise concepts on target datasets without access to the target data distribution

during training.

In this work, we target a synthesis of these two approaches that draws on

their respective strengths for the semantic segmentation task. We first employ

CLIP [Radford et al. 2021] to curate training sets from unlabelled images for any

desired list of concepts. We then exploit the robust semantic correspondences

o�ered by modern vision backbones to co-segment concepts among the resulting

curated collections. Finally, we use these co-segmented concepts to construct a

segmentation model for the given concepts, without requiring training. This frame-

work, which we term Retrieve and Co-segment (ReCo), performs favourably to
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existing unsupervised segmentation approaches while preserving the benefits of a

wide vocabulary, named predictions and zero-shot transfer exemplified by CLIP.

Since ReCo utilises a pre-trained image-language model, we call the task consid-

ered in this work unsupervised semantic segmentation with language-image pre-

training to di�erentiate it from conventional unsupervised semantic segmentation

task formulations.

Our contributions are three-fold: (1) We propose the ReCo framework, en-

abling open vocabulary semantic segmentation, without pixel annotations or the

need to provide labelled examples from the target domain thereby enabling zero-

shot transfer; (2) We compare our approach to prior work on standard semantic

segmentation benchmarks (COCO-Stu� [Caesar et al. 2018], Cityscapes [Cordts et

al. 2016], and KITTI-STEP [Weber et al. 2021]), and further illustrate the ability

of ReCo to segment rare concepts beyond these benchmarks; (3) For cases when

the target image distribution is available, we demonstrate that a simple extension

of our approach, ReCo+, can exploit this data access via unsupervised adaptation

to bring further gains.

3.2 Related work

Our work is connected to several themes in the literature, which we describe next.

Unsupervised semantic segmentation. There has been considerable recent

progress towards unsupervised semantic segmentation with deep neural networks

by leveraging ideas from self-supervised learning. Learning objectives based on

maximising mutual information between views [Ji et al. 2019; Ouali et al. 2020b],

metric learning across proposals [Zhang and Maire 2020; Van Gansbeke et al.

2021], equivariance and invariance constraints [Cho et al. 2021], distillation of self-

supervised feature correspondences [Hamilton et al. 2022] and cross modal cues

(vision and LiDAR) [Vobecky et al. 2022] have all shown their potential for this

task.
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One drawback of these approaches is a reliance on either nearest neighbour

search on a held-out set with pixel level annotations or the Hungarian algo-

rithm [Kuhn 1955] (optimally matching predictions against ground-truth semantic

masks) to produce segments with names. In contrast, by leveraging the ability of a

language-image model to name concepts, ReCo is independent of labelled examples

during both training and inference.

Weakly-supervised semantic segmentation. To reduce annotation costs,

a number of works have explored weaker cues such eye tracking [Papadopoulos et al.

2014], pointing [Bearman et al. 2016; Qian et al. 2019; Cheng et al. 2021a], sparse

pixel labels [Shin et al. 2021], scribbles [Lin et al. 2016], web-queried samples [Jin

et al. 2017], boxes [Dai et al. 2015; Khoreva et al. 2017; Song et al. 2019], extreme

clicks [Papadopoulos et al. 2017; Maninis et al. 2018], image-level labels [Zhou

et al. 2016; Wei et al. 2018; Fan et al. 2018; Ahn and Kwak 2018; Chang et al.

2020; Pathak et al. 2015; Pinheiro and Collobert 2015] and free-form text [Xu

et al. 2022]. However, such approaches still require the weak annotation to be

attached to the data used to train the segmentation model—by contrast, ReCo

can in principle train a segmenter from any unlabelled collection of images. ReCo

also bears a conceptual similarity with webly-supervised approaches [Fergus et al.

2005] for semantic segmentation [Jin et al. 2017; Shen et al. 2018]. These methods

employ an image search engine such as Google to provide training samples for

concepts. However, their flexibility is limited (this approach cannot be applied to

private or commercially sensitive data, for example) and they lack the ability to

leverage the knowledge of the search engine itself during inference (we demonstrate

that integrating the vision-language model into the inference procedure brings

significant gains in performance).

Zero-shot semantic segmentation with pretrained language/vision-

language embeddings. A diverse body of work has explored zero-shot semantic

segmentation, broadly defined as the task of segmenting categories for which no

labels were provided during training (often termed zero-label semantic segmenta-
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tion [Xian et al. 2019]). The key idea underlying many of these works is to leverage

relationships encoded in pretrained word embeddings (such as word2vec [Mikolov

et al. 2013] or GloVe [Pennington et al. 2014]) to enable generalisation to unseen

categories [Zhao et al. 2017; Bucher et al. 2019; Gu et al. 2020; Xian et al. 2019;

Kato et al. 2019; Hu et al. 2020a; Li et al. 2020; Pastore et al. 2021]. More re-

cent work has sought to leverage the vision-language embedding space learned by

CLIP [Radford et al. 2021] to improve dense prediction in various settings [Zhou

et al. 2021; Rao et al. 2021; Li et al. 2022; Xu et al. 2021; Ding et al. 2022; Lüd-

decke and Ecker 2022]. We adopt a variation of DenseCLIP [Zhou et al. 2021] as a

component of our framework. Additionally, di�erently from the above, we pursue

the formulation of zero-shot transfer popularised by CLIP [Radford et al. 2021]

which evaluates performance on unseen datasets rather than unseen categories.

Consequently, unlike these works, our model has no access to either labelled or

unlabelled examples from the target data distribution (or pixel-level labels from

the source distribution, as investigated by [Xu et al. 2021]). We note one ex-

ception: in addition to their primary zero-shot evaluations, DenseCLIP [Zhou et

al. 2021] also report an “annotation-free” evaluation without access to the target

dataset—we compare our approach with theirs under an equivalent setting.

Large-vocabulary/rare concept segmenters. To scale up the number

of concepts that can be segmented by a model several strategies based on cap-

tions [Ghiasi et al. 2021b], grounded text descriptions [Kamath et al. 2021] and

annotation transfer [Hu et al. 2018; Huynh et al. 2021] have been explored. In

a di�ering direction, various losses and incremental learning techniques have been

employed [Hu et al. 2020b; He et al. 2022] to better segment rare concepts. Un-

like ReCo, however, each of the above approaches still requires costly pixel-level

annotations.

Co-segmentation which aims to segment common regions among a collection

of images, has been widely studied with classical computer vision approaches [Rother

et al. 2006; Mukherjee et al. 2009; Vicente et al. 2010; Batra et al. 2010; Joulin
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et al. 2010; Vicente et al. 2011]. The topic has been revisited with deep learn-

ing using shared encoder networks [Chen et al. 2018a; Li et al. 2019; Banerjee

et al. 2019; Liu et al. 2020], iterative refinement [Zhang et al. 2021a] and weak

(class-label) supervision [Hsu et al. 2018]. While ReCo can in principle make use

of any unsupervised co-segmentation algorithm, we find that a simple correlation

strategy works well, and thus we adopt it for our approach.

3.3 Method

In this section, we first formalise the task of unsupervised semantic segmentation

with language-image pre-training (Section 3.3.1). We then introduce the ReCo

framework (Section 3.3.2) which enables zero-shot transfer for semantic segmen-

tation with arbitrary categories. We describe a language-based gating mechanism

to enhance segmentation quality (Section 3.3.3), and a pseudo-labelling scheme,

ReCo+, which adapts to a target distribution using predictions from ReCo (Sec-

tion 3.3.4).

3.3.1 Unsupervised semantic segmentation with language-image pre-

training

Let us denote by x œ R3◊h◊w an image of interest. Let � = {1, . . . , h ≠ 1} ◊

{1, . . . , w ≠1} denote its spatial domain and Ê œ � a pixel location. The objective

of unsupervised semantic segmentation with language-image pre-training (USLIP)

is to assign to each pixel location Ê œ � a category, c œ C, that falls among one

of |C| mutually exclusive target categories. The key characteristic distinguishing

USLIP from traditional unsupervised segmentation is that in order to tackle the

task, a model may assume access to pre-training corpus of paired image and text

data, without pixel-level supervision. We distinguish this approach from weakly-

supervised learning in that it does not rely on weak human annotations (e.g.

image-level labels) during training for a downstream task (i.e. segmentation).
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Figure 3.2: In this work, we propose ReCo, a framework for open vocabulary
semantic segmentation zero-shot transfer utilising a language-image pre-training
model (i.e., CLIP). Top: (1) Given a large-scale unlabelled dataset and a category
to segment, we first curate an archive of k images from the unlabelled collection
using CLIP [Radford et al. 2021]. (2) Using a pre-trained visual encoder (e.g.,
MoCov2 [He et al. 2020], DeiT-S/16-SIN [Naseer et al. 2021]), we extract dense
features from the archive images, which are used to generate a reference image
embedding for the given category via a co-segmentation process. Bottom: (3)
During inference, the reference image embedding is employed to produce an initial
segmentation of the target concept which is refined with DenseCLIP. ¢ and §
denote inner product and Hadamard product, respectively. See Section 3.3 for
details.
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3.3.2 Retrieve and Co-segment (ReCo)

The inputs to ReCo are a collection of unlabelled images, and a list of text de-

scriptions of concepts to be segmented. Through a combination of image retrieval

and co-segmentation across the image collection, ReCo constructs a segmenter for

the given concepts on the fly. During inference, this segmenter is applied without

fine-tuning to images from a target distribution of interest, thus supporting the

zero-shot transfer. The interaction of these three stages is illustrated in Fig. 3.2

and discussed in more detail below.

Curating exemplars through image retrieval. The first hypothesis un-

derpinning our approach is that it is possible to construct a su�ciently large and

diverse unlabelled image collection that contains examples (or closely related ex-

amples) of any concept we wish to segment. We consider this hypothesis to be

reasonable in light of the fact that recent research has produced a number of di-

verse datasets spanning billions of images [Mahajan et al. 2018; Goyal et al. 2022;

Jia et al. 2021; Schuhmann et al. 2022].

To make use of this hypothesis for segmentation, we employ a vision-language

model to curate an archive of images for each concept of interest. In this work, we

use CLIP [Radford et al. 2021], a model comprising an image encoder and a text

encoder that enables e�cient image retrieval for free-form text queries. In more

detail, for a given text query describing a concept c the CLIP text encoder ÂT pro-

duces an embedding ÂT (c) œ Re which can be compared against the embeddings

produced by the image encoder ÂI for each image x in the unlabelled collection

U : {ÂI(x) œ Re : x œ U}. We then build an archive from the k images that form

nearest neighbours for each concept c. While a more sophisticated strategy (for

instance, adjusting the archive size according to concept di�culty or prevalence)

is possible with ReCo, we found that this simple approach worked well, and so we

adopt it here. Note that, thanks to mature approximate nearest neighbour search

techniques [Johnson et al. 2019], this archive construction process can be readily
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applied to a collection U containing billions of images.

Co-segmentation with seed pixels. The second hypothesis underpinning

our approach is that modern vision-language models such as CLIP are capable of

constructing archives of high purity (i.e., a high ratio of the archive images contain

the concept of interest) provided that such exemplars exist in the underlying image

collection U (our first hypothesis). Our second hypothesis, which we validate

through experiments in Section 3.4, enables the use of co-segmentation to obtain

concept segments.

Concretely, given the k images comprising the archive for category c con-

structed by CLIP, we aim to segment regions corresponding to concepts that re-

occur across the images. Since we expect the archive to be of high purity, and since

modern visual backbones provide consistent semantic correspondences across im-

ages [Hamilton et al. 2022], we adopt a strategy of first identifying a seed pixel

in each image that we are confident belongs to the target category, c. Intuitively,

good seed pixels are ones that have close neighbours (i.e., strong support) across

each of the archive images, since we assume that: (i) the target concept is com-

mon to all images in the archive, (ii) our visual backbone will produce consistent

features for pixels belonging to the same concept. We then use these seed pixels

to construct a reference embedding that can be used to classify pixels belonging

to c.

In detail, we first extract dense features for each image in the archive using a

pre-trained image encoder „I :

{F1, . . . , Fk} = {„I(x1), . . . , „I(xk)} (3.1)

where Fi œ Rd◊h◊w denotes (spatially) dense features for the i
th image with height

h, width w and d channels. Each such feature is L2-normalised along its channel

dimension.1 Note that any image encoder „I can be employed here (it need not
1For clarity purposes, we assume that all images share the same spatial extent (and thus their
dense features also do). However, the proposed co-segmentation approach can be applied to
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be CLIP).

We identify seed pixels in four steps: First, we construct an adjacency matrix

A
khw◊khw among all features in the archive. Here, each of the k ◊ k submatrices,

Aij œ Rhw◊hw, encodes pairwise similarities between features from image i and

image j for i, j œ {1, ..., k}. Second, we aim to identify, for each pixel in the

archive, the similarity of its nearest neighbour among each of the k images. To

do so, we apply a max operator along the columns of each submatrix (reducing

the hw colums of each submatrix to 1 and reducing the overall adjacency matrix

dimensions to khw ◊ k). Third, we aim to identify the average support that each

pixel has among the k archive images. For this, we apply a mean operator over

the columns of each submatrix such that each row of the resulting khw ◊ 1 matrix

encodes the mean maximum similarity across k images. Finally, we identify the

seed pixel locations by applying an argmax operator to each of the k submatrices

of size hw◊1, yielding the spatial indices of the features in each image with highest

average maximum similarity across the archive.

To construct a classifier for concept c, we simply average the embeddings of

the k seed pixels from its archive and L2-normalise the resultant vector to produce

the reference embedding fc œ Rd.

Inference. To localise instances of the category in a new image xnew, we first

compute the dot-product between fc and the L2-normalised dense features Fnew

from the new image, and pass the result through a sigmoid:

P
c

new = ‡(fc · Fnew) œ [0, 1]h◊w (3.2)

where P
c

new denotes an initial estimate of the probability map corresponding to

category c.

To refine this probability map, we draw inspiration from recent work [Zhou

et al. 2021; Rao et al. 2021] showing that dense visual CLIP features can be use-

images with di�erent resolutions.
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fully correlated against a given CLIP text embedding. Concretely, we employ the

DenseCLIP mechanism of Zhou et al. [Zhou et al. 2021] to highlight regions of

the input that are salient for the target category c as follows. For image xnew,

we extract features Vnew œ Rev◊h◊w from the last self-attention layer values of the

CLIP image encoder (here ev denotes the value feature dimension), project the

features into the joint space Re with the CLIP image encoder’s final linear pro-

jection and L2-normalise the result. We then compute the CLIP text embedding

ÂT (c) œ Re for the target concept c and L2-normalise it before producing a saliency

map Sc

new œ [0, 1]h◊w by applying the text embedding as a 1 ◊ 1 convolution to the

visual features and applying a sigmoid activation function to the result. Note that

our use of a sigmoid activation function di�ers from the softmax used by [Zhou

et al. 2021], since we process each concept independently.

Our final probability map for category c is produced by the Hadamard product

of these estimates:

P̄
c

new = P
c

new § Sc

new (3.3)

In case of multiple categories predictions, we concatenate all the category pre-

diction maps and apply argmax to the category dimension. As a simple post-

processing step, we also experiment with the e�ect of applying a CRF [Krähenbühl

and Koltun 2011a] (similarly to [Hamilton et al. 2022]). Pseudocode for ReCo can

be found in the supplementary material.

3.3.3 Language-guided co-segmentation and context elimination

Even when an archive has high purity, co-segmenting the target concept c from the

collection of images can be challenging due to the potential presence of distractor

categories c̃ that often co-occur with c. For example, cars often co-occur with roads

and likewise aeroplanes with sky. To minimise the risk of the co-segmentation algo-

rithm anchoring on unintended categories, we introduce two mechanisms into the

co-segmentation procedure, namely, language-guided co-segmentation and context
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elimination.

Language-guided co-segmentation. Specifically, for each xi in the archive, we

first compute the corresponding saliency map Sc

i
œ [0, 1]h◊w using DenseCLIP.

We then vectorise this map and use it to filter the co-segmentation similarities

by replacing each row of Aj,i with the Hadamard product of itself with vec(Sc

i
) œ

[0, 1]1◊hw (where vec(·) denotes vectorisation) for each submatrix j = {1, ..., k}.

Intuitively, this serves to act as a gate that preserves similarities only for pixels

identified by CLIP as salient for the target concept.

Context elimination. To reduce the influence of widely co-occurring distractors,

we select a few common background categories c̃ that frequently appear in images

(e.g. tree, sky, road) and compute their reference embeddings fc̃ as described

in the seeding procedure of Section 3.3.2. We then use the resulting attention

maps P
c̃

i
produced by these reference embeddings to suppress regions of common

background context in the subsequent co-segmentation processes for di�erent cat-

egories. This is done similarly as above, by vectorising and replacing each row of

Aj,i with the Hadamard product of itself with vec(1 ≠ P
c̃

i
) œ [0, 1]1◊hw for each

submatrix j = {1, ..., k}. If a target concept c is identical to one of the common

background categories c̃, we replace fc with the corresponding fc̃.

3.3.4 ReCo+: Fine-tuning ReCo with pseudo-labels

The ReCo framework outlined above requires no training and no access to the tar-

get distribution. However, it is possible to consider a simple extension to this idea

when access to the target image distribution is available. Our proposed extension,

ReCo+, simply trains a segmentation architecture (e.g. DeepLabv3+ [Chen et al.

2018b]) with the segmentation masks from ReCo as pseudo-masks.

58



Chapter 3. ReCo: Retrieve and Co-segment for Zero-shot Transfer

Figure 3.3: Sample visualisations of the co-segmentation approach used
by ReCo. We display the top 5 ranked images among an archive of 50 retrieved
images for a given concept. Highlighted regions are shown in red. For both things
(left) and stu� (right) categories, ReCo reliably recognises appropriate regions.
Best viewed in colour.

3.4 Experiments

In this section, we start by describing the datasets used for our experiments (Sec-

tion 3.4.1) and implementation details (Section 3.4.2). Then, we conduct an ab-

lation study (Section 3.4.3) and compare our model to state-of-the-art methods

for unsupervised semantic segmentation with and without language-image pre-

training (Section 3.4.4). Finally, we showcase our model’s ability to segment rare-

category objects (Section 3.4.5).

3.4.1 Datasets

For our ablation study, we use the ImageNet1K [Deng et al. 2009] validation set

to curate archive for concepts of interest. The dataset covers 1K classes with

50 images for each class. To measure segmentation performance in the zero-shot

transfer setting, we use the PASCAL-Context [Mottaghi et al. 2014] validation set

for evaluation, which has 5,104 images of 59 categories excluding the background

class.

To compare with previous unsupervised segmentation methods, we use the
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ImageNet1K training set to construct the reference embedding for the concept we

wish to segment. The dataset has 1K classes with 1.2M images. We evaluate

on standard benchmarks including the Cityscapes [Cordts et al. 2016] validation

split, which has 500 urban scene images of 27 categories, KITTI-STEP [Weber

et al. 2021] validation set, which is composed of 2,981 urban scene images of

19 categories, and COCO-Stu� [Caesar et al. 2018] validation split, which has

4,172 images of 171 low-level thing and stu� categories excluding background class.

Following [Cho et al. 2021; Hamilton et al. 2022], we use the 27 mid-level categories

for evaluation. For unsupervised adaptation with ReCo+ (Section 3.3.2), we train

on ReCo pseudo-labels on the Cityscapes training set with 2,975 images, KITTI-

STEP training set which contains 5,027 images, and the COCO-Stu�10K subset

which has 9,000 images for each respective benchmark. We emphasise that no

ground-truth labels are used for training.

Finally, to demonstrate our model’s ability to segment rare concepts, we use

the LAION-5B dataset [Schuhmann et al. 2022] with 5 billion images as a large

collection of images that we expect to satisfy our first hypothesis, namely that it

will have coverage of rare concepts. To assess performance, we use the FireNet

dataset [Panella et al. n.d.] which has 1,452 images spanning rare fire safety-related

classes. For our experiment, we select the fire extinguisher class as an example

of a concept that is important but rare in vision datasets (it is not contained in

ImageNet1K [Russakovsky et al. 2015], for example) and evaluate ReCo on 263

images containing at least one instance of the category. As a further proof of

concept, we also demonstrate co-segmentations of the Antikythera mechanism (a

historical item that does not appear in WordNet [Miller 1995], or any labelled

vision datasets that we are aware of).

3.4.2 Implementation details

Here, we describe the hyperparameters used to train ReCo+, inference details and

evaluation metrics. Our implementation is based on the PyTorch library [Paszke
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et al. 2019] and made publicly available.2

ReCo+ Training. While ReCo does not require training, we train ReCo+

based on the DeepLabv3+ [Chen et al. 2018b] segmentation architecture with a

ResNet101 [He et al. 2016] backone on the predictions from ReCo as described

in Section 3.3.2. All training images are resized and center-cropped to 320◊320

pixels and data augmentations such as random scaling, cropping, and horizontal

flipping are applied with random color jittering and Gaussian blurring. We use

the Adam optimiser [Kingma and Ba 2014] with an initial learning rate of 5◊10≠4

and a weight decay of 2 ◊ 10≠4 with the Poly learning rate schedule as in [Liu

et al. 2015; Chen et al. 2018b]. Training consists of 20K gradient iterations with

a batch size of 8 and takes about 5 hours on a single 24GB NVIDIA P40 GPU.

Inference. For each benchmark, we pre-compute reference image embeddings

for a list of categories for the benchmark and store the embeddings to form a

classifier. Whenever DenseCLIP is employed, we use the ResNet50x16 model (fol-

lowing [Zhou et al. 2021]) to construct a saliency map for each image. Unless

otherwise stated, for the COCO-Stu� and Cityscapes benchmarks, we resize and

center crop the input images to 320◊320 pixels as in [Hamilton et al. 2022]. For

the KITTI-STEP validation set, we use the original resolution of each image as

in [Ke et al. 2022]. For the FireNet benchmark, we resize the shorter side of im-

ages to 512 pixels and predict a single class of fire extinguisher by thresholding

the predicted heatmap with probability of 0.5.

Evaluation metrics. Following the common practice [Ji et al. 2019; Cho et al.

2021; Hamilton et al. 2022], we report pixel accuracy (Acc.) and mean intersection-

over-union (mIoU).

3.4.3 Ablation studies

Ability of CLIP to curate archives. We begin by assessing the validity of our

second hypothesis—namely that CLIP is capable of achieving high purity archives
2Code available at https://github.com/NoelShin/reco
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Figure 3.4: Ablation studies. Left: Image retrieval performance of di�er-
ent CLIP models on the ImageNet1K validation set with k ranging from 5 to
50. ViT-L/14@336px performs particularly strongly, suggesting the ability to cu-
rate archives of high purity. Right: Co-segmentation performance on PASCAL-
Context validation set as we vary the archive size and choice of visual encoders.
We observe a general trend towards improved performance with increasing archive
size for all encoders.

DenseCLIP LGC CE CRF Acc. mIoU

7 7 7 7 16.8 5.7
X 7 7 7 41.1 21.8
X X 7 7 43.1 23.1
X 7 X 7 49.7 26.0
X X X 7 50.9 26.6
X X X X 51.6 27.2

Table 3.1: Influence of ReCo components for zero-shot transfer on
PASCAL-Context [Mottaghi et al. 2014]. We observe that integrating Dense-
CLIP during inference, Language-guided co-segmentation (LGC), Context elimi-
nation (CE), and CRF [Krähenbühl and Koltun 2011a] post-processing each con-
tribute to improved performance. All comparisons use a DeiT-SIN visual backbone
for co-segmentation and ViT-L/14@336px for archive curation.

from unlabelled images. To this end, we evaluate the retrieval performance of dif-

ferent CLIP models on the ImageNet1K validation set when constructing di�erent

archive sizes. In detail, for each archive size, k, we compute the precision of the

top-k retrieved images based on whether the the ground-truth image-labels match

the query text. As can be seen in Fig. 3.4 (left), all CLIP models achieve solid

retrieval performance, suggesting their potential for curating high purity archives

as part of ReCo. Since ViT-L/14@336px performs best, we employ this as our

retrieval model in the remaining experiments.
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Influence of archive size and visual encoder used for co-segmentation. In

Fig. 3.4 (right) we illustrate the e�ect of using di�erent pre-trained architectures,

e.g. MoCov2 [He et al. 2020], DINO [Caron et al. 2021], CLIP [Radford et al.

2021], DeiT-SIN [Naseer et al. 2021], as the archive size (and thus the number of

images used for co-segmentation) changes. The y-axis depicts segmentation per-

formance for ReCo with these configurations on the PASCAL-Context benchmark.

We observe that using larger archives tends to improve performance (likely due

to their reasonably high purity) albeit non-monotonically, and that features from

DeiT-SIN perform best. We therefore use DeiT-SIN with an archive size of k=50

for the remaining experiments unless otherwise stated. See Fig. 3.3 for qualitative

examples of our co-segmentation results.

Influence of ReCo framework components. We next assess the e�ect of

employing DenseCLIP during inference, the language-guided co-segmentation and

context elimination components of ReCo which seek to improve the quality of

co-segmentation achieved across each archive to boost downstream segmentation

performance. When applying context elimination, we select tree, sky, building,

road, and person as common background concepts appearing in natural images

to be suppressed. In Table 3.1, we show the e�ect of three of these strategies,

together with the e�ect of applying a CRF [Krähenbühl and Koltun 2011a] as post-

processing. We observe that integrating DenseCLIP into the inference procedure

brings a significant gain in performance which we believe is driven by the notable

robustness of CLIP features under zero-shot transfer [Radford et al. 2021]. In

addition, language-guided co-segmentation and context elimination further boost

co-segmentation performance, while the CRF brings a small gain. We therefore

use each of these strategies (including CRF post-processing) in the remaining

experiments.
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Model Acc.mIoU

Zero-shot transfer
DenseCLIP‡ [Zhou et al. 2021] 32.3 19.8
ReCo‡ (Ours) 46.6 27.2

Unsupervised adaptation
IIC [Ji et al. 2019] 21.8 6.7
MDC [Cho et al. 2021] 32.2 9.8
PiCIE [Cho et al. 2021] 48.1 13.8
PiCIE + H [Cho et al. 2021] 50.0 14.4
STEGO [Hamilton et al. 2022]56.9 28.2
ReCo+‡ (Ours) 54.5 33.0

Model Acc.mIoU

Zero-shot transfer
DenseCLIPı‡ [Zhou et al. 2021] 35.9 10.0
MDCı† [Cho et al. 2021] - 7.0
PiCIEı† [Cho et al. 2021] - 9.7
D&Sı† [Vobecky et al. 2022] - 16.2
ReCoı‡ (Ours) 65.4 22.0

Unsupervised adaptation
IIC [Ji et al. 2019] 47.9 6.4
MDC [Cho et al. 2021] 40.7 7.1
PiCIE [Cho et al. 2021] 65.5 12.3
STEGO [Hamilton et al. 2022] 73.2 21.0
ReCo+‡ (Ours) 83.7 24.2

Model Acc.mIoU

Zero-shot transfer
DenseCLIP‡ [Zhou et al. 2021] 34.1 15.3
ReCo‡ (Ours) 70.6 29.8

Unsupervised adaptation
SegSort [Hwang et al. 2019] 69.8 19.2
HSG [Ke et al. 2022] 73.8 21.7
ReCo+‡ (Ours) 75.3 31.9

Table 3.2: Comparison to state-of-the art approaches on COCO-Stu�
(left), Cityscapes (middle), and KITTI-STEP (right) validation sets.
ıEvaluated at the original resolution. †Models trained on Waymo Open [Sun et al.
2020] (reported from [Vobecky et al. 2022]). ‡Models that leverage a language-
image pre-training model to assign a concept name to a prediction. The best score
for each metric under each protocol is highlighted in bold. We observe that ReCo
and ReCo+ perform strongly relative to prior work under zero-shot transfer and
unsupervised adaptation protocols, respectively.

3.4.4 Comparison to state-of-the-art unsupervised methods

We compare ReCo and ReCo+ to state-of-the-art unsupervised semantic segmen-

tation models with and without vision-language pre-training on standard bench-

marks, including COCO-Stu� [Caesar et al. 2018], Cityscapes [Cordts et al. 2016]

and KITTI-STEP [Weber et al. 2021] under both zero-shot transfer and unsuper-

vised adaptation (training without labels on the target distribution). For COCO-

Stu�, we observe that the mid-level categories used for evaluation are somewhat

abstract for retrieval (for instance, one mid-level category is “outdoor objects,”

which may include many low-level categories beyond the target hierarchy). To

avoid introducing ambiguity to the co-segmentation procedure, we instead directly

use the low-level categories and then merge the predictions into the mid-level cate-

gories. Additionally, we rephrase two category names to reduce ambiguity (parking

to parking lot and vegetation to tree) in Cityscapes and KITTI-STEP based on

the descriptions found in [Cordts et al. 2016]. A detailed discussion can be found

in the supplementary material.
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Figure 3.5: Co-segmentations of rare concepts. Left: fire extinguisher.
Right: Antikythera mechanism. We show selected samples from ReCo archives
for each concept, together with their co-segmentations. In each case, ReCo suc-
cessfully identifies the regions associated with the concept.

As shown in Table 3.2, ReCo strongly outperforms prior models on all bench-

marks for zero-shot transfer. Under an unsupervised adaptation protocol, ReCo+

outperforms the state-of-the-art by a large margin on the Cityscapes and KITTI-

STEP. On COCO-Stu�, ReCo+ achieves slightly lower pixel accuracy compared

to [Hamilton et al. 2022] but a considerably higher mIoU. In Fig. 3.1, we visualise

the sample predictions of our models on COCO-Stu�.

3.4.5 Segmenting rare concepts

By virtue of inheriting CLIP’s diverse knowledge of nameable visual concepts,

ReCo exhibits the ability to segment rare categories. We first demonstrate this

ability for fire extinguisher objects, which have important fire-safety implications

but seldom appear in popular semantic segmentation benchmarks. To assess per-

formance, we evaluate segmentation quality on the FireNet dataset (as described

in Section 3.4.1) and achieve reasonable performance on pixel accuracy (93.3) and

IoU (44.9) metrics. In Fig. 3.5 (left) we visualise the co-segmentation produced by

ReCo across sample images container fire extinguishers. As an additional demon-

stration (Fig. 3.5, right), we also show co-segmentations for images containing the

views of the (unique) Antikythera mechanism. In both cases, we observe that ReCo

is capable of co-segmenting the concept of interest without labelled examples.
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3.5 Limitations

Our work has several limitations: (1) There may be cases for which our first hy-

pothesis does not hold—concepts so rare that they do not appear in billion-image

scale datasets. In such cases, e.g. “a purple elephant with square orange feet wear-

ing an inverted cowboy hat in front of the Doge’s Palace”, ReCo will struggle.

(2) During inference, we make use of a visual encoder and a pre-trained language-

image model, i.e. CLIP (a computationally heavy model). Future work could

address this with training a light student network which distills knowledge from

both models. (3) We employ ImageNet as the unlabelled image collection for our

primary investigations, which is known to exhibit an object-centric bias. While

qualitative results suggest that ReCo can learn from extremely diverse data [Schuh-

mann et al. 2022], a more comprehensive empirical evaluation would strengthen

this result. (4) Models like CLIP are expensive to train and are consequently

updated infrequently. If a new concept emerges (e.g. a new product) after CLIP

was trained, ReCo will be unable to build an archive to enable co-segmentation

for this concept. (5) Although our work is unsupervised in the sense that it is

not trained on pixel-level annotation, the ablation studies on PASCAL-Context

have guided the development of our method, and thus it benefits from a form of

indirect supervision. As a result, our design likely contains choices that subtly

favour performance on the evaluation tasks.

3.6 Broader impact

Semantic segmentation is a dual use technology. It enables many applications with

the potential for significant positive societal impact across domains in medical

imaging, wildlife monitoring, improved fault detection in manufacturing processes

etc. However, it is also vulnerable to abuse: it may enable unlawful surveillance

or invasions of privacy, for example. By removing the requirement to collect pixel
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masks for concepts of interests, ReCo lowers the barrier to entry for any individual

that wish to make practical use of segmentation, but makes no distinction on the

ethical implications of the use case, positive or negative.

ReCo makes use of large-scale, unlabelled image collections. By their nature,

such images are subject to minimal curation and sanitisation, and thus may contain

not only biases across demographics, but also content that does not align with the

ethical values of the user. Consequently, we emphasise that ReCo represents a

research proof of concept that is not appropriate for real-world usage without

extensive additional analysis of the specific deployment context in which it will be

used and, in particular, safeguards to moderate the archive curation process.

3.7 Conclusion

In this work, we introduced the ReCo framework for semantic segmentation zero-

shot transfer. By drawing on the strengths of large-scale language-image pre-

training and modern visual backbones, ReCo attains the ability to segment rare

concepts and to directly assign names to concepts without labelled examples from

the target distribution. In addition, experimental comparisons demonstrate that

ReCo strongly outperforms existing zero-shot transfer approaches that forgo pixel

supervision.
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Abstract

The goal of this work is to segment and name regions of images without

access to pixel-level labels during training. To tackle this task, we con-

struct segmenters by distilling the complementary strengths of two founda-

tion models. The first, CLIP [Radford et al. 2021], exhibits the ability to

assign names to image content but lacks an accessible representation of ob-

ject structure. The second, DINO [Caron et al. 2021], captures the spatial

extent of objects but has no knowledge of object names. Our method, termed

NamedMask, begins by using CLIP to construct category-specific archives

of images. These images are pseudo-labelled with a category-agnostic salient

object detector bootstrapped from DINO, then refined by category-specific

segmenters using the CLIP archive labels. Thanks to the high quality of the

refined masks, we show that a standard segmentation architecture trained

on these archives with appropriate data augmentation achieves impressive

semantic segmentation abilities for both single-object and multi-object im-

ages. As a result, our proposed NamedMask performs favourably against a

range of prior work on five benchmarks including the VOC2012, COCO and

large-scale ImageNet-S datasets.
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Figure 4.1: We propose NamedMask, a segmenter distilled from the namedmask
capabilities of CLIP and DINO. With no access to pixel-level annotation, Named-
Mask not only accurately segments single objects (left) but also multiple objects
(right) within an image. White pixels denote ignored regions. The images are
drawn from the VOC2012 benchmark.

4.1 Introduction

Semantic segmentation is a task that entails grouping and naming coherent re-

gions of images. It has a broad range of applications spanning domains such as

autonomous driving, manufacturing and medicine. A key barrier to automating

this task through supervised learning is the requirement for pixel-level segmen-

tation annotations, which can be extremely costly to obtain (e.g., 1.5 hours per

image when accounting for quality control [Cordts et al. 2016]).

The emerging paradigm of foundation models (models that have been pre-

trained on broad data and can be adapted to a wide range of downstream tasks)

has yielded striking gains for many machine perception problem domains [Bom-

masani et al. 2021]. There is therefore considerable interest in determining whether

such models can alleviate the prohibitive annotation costs associated with seman-

tic segmentation. In this vein, MaskCLIP [Zhou et al. 2022] demonstrated the

potential benefits of leveraging the representation learned by CLIP [Radford et al.

2021] to perform “annotation-free”1 segmentation with no prior knowledge of the
1This setting can be equivalently referred to as zero-shot transfer in the terminology of [Radford
et al. 2021].
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target domain. However, unless segmentation masks are available from at least

some of the categories to guide pseudo-labelling, segmentation quality remains far

from supervised performance. ReCo [Shin et al. 2022b] considered an alternative

formulation in which only the names of the target categories (but no images from

the target domain) are available during training. By coupling the retrieval capa-

bilities of CLIP to curate archives of images belonging to specific categories with

a co-segmentation algorithm, ReCo obtained improvements over MaskCLIP but

still struggles to produce precise object segmentations.

In this work, we build upon the ReCo framework and revisit the mechanism

through which it obtains pseudo-masks with semantic labels. Drawing inspiration

from recent work showing that DINO features can be employed to perform un-

supervised salient object detection [Shin et al. 2022a; Melas-Kyriazi et al. 2022a;

Wang et al. 2022b], our first step is to replace the fragile co-segmentation of ReCo

with a more robust category-agnostic object segmentation facilitated by DINO.

We then exploit the naming capabilities of CLIP to assign the category label from

each archive of images to these segmentations to enable the training of category-

specific “expert” segmenters that refine the quality of the archive segmentations.

Finally, we train a single semantic segmentation model on the resulting collection

that is capable of segmenting objects from any category that is represented in the

archives, using copy-paste augmentation [Ghiasi et al. 2021a] to improve generali-

sation to images of multiple objects. We show that our approach, which we term

NamedMask, achieves substantial gains in performance for semantic segmentation

of objects (see Fig. 4.1 for examples).

Our contributions are: (1) We propose NamedMask, a framework for segment-

ing and naming objects without pixel-level annotation by distilling the comple-

mentary strengths of CLIP and DINO; (2) We provide extensive experiments to

demonstrate the improvements brought by NamedMask over prior semantic seg-

mentation approaches that also make use of language-image pretraining.
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4.2 Related work

Our approach relates to prior work on unsupervised semantic segmentation, se-

mantic segmentation with language-image pretraining and salient object detection.

We discuss connections to each of these next.

Unsupervised semantic segmentation. By coupling deep neural networks

with creative learning objectives, substantial progress has been made towards unsu-

pervised semantic segmentation. Examples of learning signals that have been con-

structed without labels include expectation-maximisation over segments [Hwang et

al. 2019], mutual information maximisation [Ji et al. 2019; Ouali et al. 2020b], con-

trasting proposals [Van Gansbeke et al. 2022], complementary signals from LiDAR

and vision [Vobecky et al. 2022] and feature correspondence distillation [Hamilton

et al. 2022]. In contrast to name-only segmentation, these methods do not make use

of language-image pretraining or require access to the target category list during

training. They do, however, require the use of a small number of images labelled

with segments (typically the test set itself) together with the Hungarian algorithm

to assign names to segment predictions, or otherwise employ nearest-neighbour

lookup on a held-out set of images with segmentation masks.

Annotation-free semantic segmentation using language-image model.

Several recent works have sought to leverage the zero-shot transfer capabilities

of CLIP [Radford et al. 2021] to perform semantic segmentation with no access to

paired data (images labelled with categories or segments) from the target domain.

MaskCLIP [Zhou et al. 2022] illustrated the potential of using CLIP for semantic

segmentation in a zero-shot transfer setting (a setting that they term “annotation-

free”). A recent example of such line of research is ReCo [Shin et al. 2022b],

which curates unlabelled images into examples of concepts with CLIP, then ap-

plies a co-segmentation algorithm to derive semantic segmentation training data.

While ReCo achieves promising results, it fails to coherently pseudo-label objects

and thus (as we show through experiments) does not lead to high-quality object
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Figure 4.2: Overview of the proposed pipeline used to construct the NamedMask
training dataset for semantic segmentation. Given an image archive for a concept
retrieved by CLIP (left), we generate masks using an unsupervised saliency de-
tector (middle). We refine the segmentations of each category by a class expert
trained with the constructed image-mask pairs (right). Using the retrieved images
and their refined segments, we train NamedMask to generate a segmenter capable
of predicting a set of pre-defined categories (omitted in the figure for simplicity).

segmentations. In this work, we compare directly with ReCo and demonstrate

the substantial gains in performance that can be attained by bootstrapping the

category-agnostic pseudo-labels enabled by DINO.

Unsupervised salient object detection. A range of work has sought to perform

salient object detection (the task of segmenting foreground objects) without human

annotation [Zhang et al. 2017; Bielski and Favaro 2019; Voynov and Babenko

2020]. One notable trend amongst recent approaches has been the application

of spectral clustering in combination with self-supervised features [Melas-Kyriazi

et al. 2022a; Wang et al. 2022b; Shin et al. 2022a]. In this work, we build on

the SelfMask approach of [Shin et al. 2022a] to provide a robust category-agnostic

segmenter for NamedMask.

4.3 Method

In this section, we formulate the semantic segmentation task considered in this

work (Section 4.3.1) and the method, NamedMask, that we propose to tackle

it (Section 4.3.2).
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4.3.1 Task formulation and terminology

Our objective is to perform semantic segmentation: for a given image, x œ

R3◊H◊W , we aim to assign a label, c, from among a finite set of categories, C, to

each pixel location Ê œ {1, . . . , H} ◊ {1, . . . , W} of x. To facilitate cost-e�ective

scaling, we aim to do so without access to any form of pixel-level annotation. To

this end, we propose to exploit the perceptual grouping of objects and their seman-

tic categorisation o�ered by two foundation models. Specifically, we leverage the

semantic categorisation capabilities of CLIP derived through large-scale language-

image pretraining and the perceptual grouping capabilities of DINO derived from

vision-only pretraining.

Terminology. To date, a wide array of methods have been proposed to tackle

the problem of semantic segmentation with di�erent levels of supervision (fully

unsupervised, unsupervised but with supervised pretraining, weakly-supervised etc.).

However, the terminologies used to describe these levels of supervision are not

always clear or consistent. We therefore first aim to clarify the annotation regime

in which we operate and how it is closely related to prior work.

In particular, we consider a setting that we term Segmentation Leveraging Only

Weak Pretraining (SLOWP). SLOWP methods make no use of pixel-level annota-

tion and are characterised by pretraining on data that is either: (1) weakly-labelled

(e.g. with class labels or alt-text) and does not derive from the target distribution;

or (2) unlabelled and may or may not derive from the target distribution. Within

the space of SLOWP methods, we further distinguish three sub-categories that

more precisely characterise the knowledge that the method possesses about the

segmentation task used to evaluate the model: (i) Zero-shot transfer assumes no

knowledge of the target distribution (images or category names) during training;

(ii) Name-only transfer assumes access (during training) to the list of category

names that are to be used for the target segmentation task, but does not assume

access to any images from the target distribution; (iii) Name-and-image trans-
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fer assumes access (during training) to the list of category names in the target

segmentation task and access to unlabelled images from the target distribution.

To relate these categories to prior work, note that MaskCLIP [Zhou et al.

2022] represents a SLOWP zero-shot transfer method: it uses language-image pre-

training (via CLIP) and does not make use of the target categories during train-

ing. ReCo [Shin et al. 2022b] typically represents a SLOWP name-only transfer

method: it uses language-image pretraining (via CLIP) and image classification

pretraining (via DeiT-S/SIN [Naseer et al. 2021]) and has access to target category

names for constructing classifiers.

In this work, we propose a method, NamedMask, that operates e�ectively

in both the SLOWP name-only transfer and SLOWP name-and-image transfer

scenarios. We describe NamedMask next.

4.3.2 NamedMask

NamedMask is trained in a sequence of four stages: (1) For a given list of

target categories, we perform dynamic dataset construction by curating archives

of images for each category from an unlabelled image collection using CLIP; (2)

For each image in each archive, we predict a category-agnostic object mask with an

unsupervised saliency detector; (3) We refine the predicted masks with a category-

specific “expert” segmenter, which is self-trained with the generated image-mask

pairs within each archive; (4) We distill a segmenter using the image archives

and their refined masks as pseudo-labels. An overview of the first three stages is

provided in Fig. 4.2, and each stage is detailed in the following.

Dynamic archive construction. To create a data set containing images of

categories of interest, we follow the approach proposed by ReCo [Shin et al. 2022b]

and curate an archive of images for each concept using an image-language model

(i.e. CLIP). Formally, given an image encoder „I and a text encoder „T of CLIP,

we curate one archive from an unlabelled image collection U for each category c

of interest. We do so by selecting the n images among the collection whose visual
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embeddings „I(xi) œ Re lie closest to the text embedding2
„T (c) œ Re of c. That

is,

Ac = {xi | i œ arg topk [„I(U) · „T (c)]}, (4.1)

where Ac denotes the image archive for category c and arg topk returns the indices

of its arguments with the k largest values. In this way, we dynamically construct

a data set comprising a collection of |C| archives (one for each category).

Mask generation. To produce category-agnostic object segmentations for the im-

ages within each archive, we adopt the SelfMask [Shin et al. 2022a] unsupervised

salient object detection method. SelfMask learns to perform salient object de-

tection by first performing spectral clustering on DINO features across unlabelled

images, then using these clusters as pseudo-labels to train a variant of MaskFormer

segmenter [Cheng et al. 2021b]. Given the SelfMask saliency detector Âs, we first

predict a category-agnostic saliency map yi = Âs(xi) œ {0, 1}H◊W for each image

xi œ R3◊H◊W in each archive. We then simply assign to each category-agnostic

saliency map the category label c of the archive that contains the image. This

produces a collection of images annotated with saliency masks and corresponding

category labels.

Mask refinement through category experts. The category-agnostic saliency

detector employed in the previous stage is unaware of the category of objects that

it is being used to segment. We hypothesise that a segmenter will produce superior

segmentations when it is given knowledge of the specific category of objects that it

is required to segment, and thus will produce improved pseudo-masks for training

NamedMask. To instantiate this idea, we refine the category-agnostic predictions

made by the saliency detector with a segmenter Âc, which specialises in segmenting

regions corresponding to category c. To this end, we train a segmenter Âc to assign

regions to either the category c or the background class for each image in Ac, as

a pixel-level one-vs-all binary classification task. We then use the predictions
2Details of the prompt used to construct the text embedding can be found in the supplementary
material.
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obtained by Âc as pseudo-masks for category c. We show through experiments

in Section 4.4.3 that this simple approach yields superior segmentation training

data relative to using SelfMask predictions directly.

Note that for cases when there are a large number of target categories (e.g.

919 categories in ImageNet-S [Gao et al. 2021]), training one expert per class can

be computationally expensive. For such cases, we group the relevant categories

by applying k-means clustering to the text embeddings of the categories extracted

from a CLIP text encoder and train an expert for each category group.

Training NamedMask. Given the resulting collection of image archives anno-

tated by category-specific segmenters, NamedMask is produced by simply training

a standard semantic segmentation architecture using a cross-entropy loss. Thus,

self-training produces a segmenter that exploits the complementary information

encoded by two di�erent foundation models, where the visual-only model (i.e.

DINO) implicitly captures the perceptual grouping of objects, and the ability to

name categories derives from the language-image model (i.e. CLIP).

4.4 Experiments

In this section, we begin by describing the datasets considered for our experi-

ments, implementation details, and our ablation study. We then compare our

model to state-of-the-art unsupervised semantic segmentation (USS) methods and

approaches that leverage only weak pretraining (SLOWP).

4.4.1 Datasets

Evaluation benchmarks. We consider five segmentation benchmarks including

COCO [Lin et al. 2014], CoCA [Zhang et al. 2020], Cityscapes [Cordts et al. 2016],

PASCAL VOC2012 [Everingham et al. 2015], and ImageNet-S [Gao et al. 2021].

COCO consists of 118,287 and 5,000 images for train and validation splits with

80 object categories and a background class and CoCA comprises 1,295 images
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SelfMask 78.5 26.8 68.0 59.2 22.9 69.3 43.1 80.7 14.0 70.2 20.3 74.2 70.1 57.7 41.5 20.6 74.3 18.4 64.7 25.0 50.0
experts 80.2 29.0 72.9 65.0 30.4 74.9 48.9 82.4 15.8 77.8 27.2 75.2 74.5 62.1 43.1 21.3 74.9 26.7 69.8 36.4 54.4

Table 4.1: Category experts produce better quality segmentation masks
than the baseline unsupervised saliency detector. We report segmentation
performance for each method on Pascal VOC2012. The performance metric is
(class-wise) IoU (%).

of 80 object categories with a background. Cityscapes contains 2,975 and 500

urban scene images for training and validation splits with 30 categories among

which we pick 14 object categories to evaluate based on the original paper [Cordts

et al. 2016]. VOC2012 is composed of 1,464 training and 1,449 validation images

with 21 categories including background, and the large-scale ImageNet-S [Gao et

al. 2021] dataset comprises 9,190 train, 12,419 validation, and 27,423 test images

with precise pixel-level annotations. There are three variations of ImageNet-S:

ImageNet-S50, ImageNet-S300, and ImageNet-S919, consisting of 50, 300, and 919

semantic categories of ImageNet1K [Deng et al. 2009], respectively.

We use the VOC2012 train split and the ImageNet-S300 validation split for our

ablation studies, and compare our models to previous USS and SLOWP methods

on CoCA, the validation split of COCO, Cityscapes, and VOC2012, and the test

split of ImageNet-S.

Image collections. To curate image archives for each category, we use two unla-

belled image collections: (1) For experiments on PASCAL VOC2012, we use the

ImageNet1K training set without labels, following [Shin et al. 2022b]. (2) For ex-

periments on ImageNet-S, we use unlabelled images from LAION-5B [Schuhmann

et al. 2022]. For the latter, we implement the archive curation process using the

CLIP feature index provided with the LAION-5B release3. Since the LAION-5B

dataset was collected with limited manual curation, we apply a face detector to all

images and discard any image containing a visible human face [Deng et al. 2020].

We refer the reader to the supplementary material for further details about the
3https://laion.ai
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usage of the LAION-5B dataset.

4.4.2 Implementation details

We conduct the experiments on a single A100 NVIDIA graphic card with Py-

Torch [Paszke et al. 2019]. Code will be made publicly available.

Network architecture and optimisation. We use DeepLabv3+ [Chen et al.

2018b] with a ResNet50 [He et al. 2016] backbone for both category experts and

NamedMask. We initialise the backbone with DINO [Caron et al. 2021] that is

pretrained on ImageNet [Russakovsky et al. 2015] in a self-supervised manner. For

expert training, we adopt a lightweight learning schedule of 5K gradient updates

with a batch size of 8 for COCO, CoCA, Cityscapes, and VOC2012 and 10K

updates with a batch size of 16 for ImageNet-S. For NamedMask, we train the

model with 20K iterations for COCO, CoCA, Cityscapes, and VOC2012 and 80K

iterations for ImageNet-S. We use standard data augmentations such as random

scaling, random cropping and colour jittering. We use Adam optimiser with an

initial learning rate of 0.0005 and a weight decay of 0.0002. We decay the learning

rate with the Poly learning rate [Chen et al. 2018b].

To curate category archives from ImageNet and LAION-5B, the ViT-L/14@336px

and ViT-L/14 variants of CLIP are employed repectively. For our unsupervised

saliency detection method, we adopt the model from SelfMask [Shin et al. 2022a],

and apply a bilateral solver [Barron and Poole 2016] to predictions from SelfMask

as a post-processing step.

Inference. When evaluating on ImageNet-S, images are resized such that their

larger dimension is 1024 pixels while preserving their aspect ratio. For evaluation,

the predictions of the model are then resized back to the original resolution to

match the ground-truth mask by using a bilinear upsampler. For the ImageNet-

S300 validation set (used in our ablation study), we resize the shorter side of images

to 384 with a maximum length for the larger dimension of 512 pixels. For the other

benchmarks, we use the original resolution of the images.
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Figure 4.3: Larger image archives produce better segmenters. Here,
“archive size” denotes the number of images retrieved by CLIP to curate an image
archive for each category.

Metric. Following the common practice, we employ intersection-over-union (IoU)

to measure a class-agnostic mask quality and mean IoU (mIoU) to evaluate the

performance of semantic segmentation.

4.4.3 Ablation study

In this section, we present a thorough ablation study on each component of our pro-

posed NamedMask, namely, the influence of archive size, the influence of adopting

category experts and the e�ect of the number of category experts. We also inves-

tigate the influence of adopting copy-paste augmentation for segmenting images

with multiple objects.

E�ect of archive size. Unlike supervised approaches for which it is costly to

acquire annotations, the dataset creation process for NamedMask can be easily

scaled. To investigate the influence of the number of images used for training, we

vary the size of archive curated by CLIP for each category, from 1 to 500 images,

and train NamedMask on the resulting images with corresponding pseudo-labels

obtained from SelfMask. As for quantitative evaluation, we adopt the VOC2012

training set and report numbers in Fig. 4.3. Note that, the training is done only

on the constructed archive of ImageNet images, with pseudo labels acquired from

SelfMask (i.e., no category experts have been introduced at this stage).

As shown in Fig. 4.3, that the archive size plays an important role in the

performance of our model, monotonically increasing with the number of images
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Figure 4.4: Category experts refine the masks provided by an unsu-
pervised saliency detector (i.e. SelfMask). The images are selected from
VOC2012. Zoom in for details.

model # experts avg. IoU
SelfMask [Shin et al. 2022a] - 62.7

1 63.3
30 64.1
60 64.0category experts

90 63.9

Table 4.2: E�ect of grouping semantically relevant categories for category expert
training on the ImageNet-S300 validation split.

for an archive. For the remaining experiments, we curate 500 images per archive.

E�ect of category experts on mask quality. As described in Section 4.3.2, we

propose to refine the pseudo-labels from SelfMask with category-specific experts,

which are trained to distinguish foreground and background pixels.

To compare the quality of category-agnostic masks generated by SelfMask and

class-specific masks by an expert, we evaluate their predictions on 20 object cate-

gories from the VOC2012 train split. Specifically, we train 20 category experts on

image archives constructed by retrieving from ImageNet1K. In Table 4.1, we show

the (class) IoU of each category. We observe that the experts consistently outper-

form SelfMask across all categories. For a qualitative comparison, we visualise the

examples predictions from both SelfMask and category experts in Fig. 4.4. In the

following experiments, we produce pseudo-masks from an expert for each category

by default.
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model copy-paste single obj. multi-obj. all
SelfMask + CLIP - 63.3 42.1 50.4
NamedMask (Ours) 7 67.0 50.5 56.6
NamedMask (Ours) X 68.0 53.6 58.7

Table 4.3: Copy-paste augmentation helps the model to segment multiple
objects in an image. The performance is measured in mIoU (%). A baseline
model is marked in grey. Best score for each column is highlighted in bold.

Training an expert for a category group. When there are numerous classes

that are semantically close to one another, training individual category experts

may become prohibitively expensive. We therefore group categories by applying

k-means to text embeddings of the categories into k concept groups as described

in Section 4.3.2.

To show the e�ect of k, we evaluate the category experts, by varying the number

of category groups on the ImageNet-S300 validation set. In Table 4.2, we report

average IoU over 300 categories for k={30, 60, 90} which corresponds to 10%,

20%, and 30% of the total number of classes, respectively. As baselines, we also

show average IoU for SelfMask and a single expert for 300 categories (i.e., k=1).

As can be seen, training an expert always shows higher score than the baseline,

even when k is set to 1. However, when we set the number of experts higher

than 30, the performance appears to saturate. We conjecture that this is because

there is a trade-o� between the number of di�erent images which an expert can

see during training and average semantic relevance within a category group. That

is, when k is large, the average number of categories assigned to one group tends

to be low, which decreases the total number of images used for training an expert

for the group. In contrast, when k is small, the total number of images for an

expert become large at the cost of reduced semantic relevance in a class group.

For this reason, we group categories of ImageNet-S300 and -S919 into 30 and 90

which (approx.) accounts for 10% of total classes, respectively.

E�ect of copy-paste on segmenting multiple objects. In contrast to the
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model dataset
MaskCLIP [Zhou et al. 2022] WebImageText
ReCo [Shin et al. 2022b] WebImageText, (Stylized-)ImageNet
NamedMask (Ours) WebImageText, ImageNet

Table 4.4: Datasets employed in training each model. ReCo utilises both Stylized-
ImageNet and ImageNet.

model transfer type COCO CoCA Cityscapesobj

MaskCLIP [Zhou et al. 2022] zero-shot 5.3 3.1 6.1
ReCo† [Shin et al. 2022b] name-only 17.1 16.9 14.1
NamedMask name-only 28.4 27.3 18.2

Table 4.5: Comparison to previous segmentation leveraging only weak pre-training
(SLOWP) methods on the COCO, CoCA, and Cityscapesobj benchmarks in terms
of mIoU. Highest scores on each benchmark are in bold. †initialises the backbone
with Stylized-ImageNet pre-training.

salient object detectors and category experts which segment an object of a single

category or a group of similar categories within an image, our model can be read-

ily trained to segment multiple objects of di�erent categories by employing the

copy-paste augmentation [Ghiasi et al. 2021a]. To demonstrate this, we evaluate

two NamedMask models, trained with and without copy-paste augmentation on

the images containing a single object or multi-objects from possibly di�erent cat-

egories. As a baseline, we also evaluate segmentation of SelfMask whose semantic

label is decided by applying CLIP to a given image. As shown in Table 4.3, when

validated on the VOC2012 training split, copy-paste brings a notable gain in per-

formance by 2.1 mIoU compared to the model trained without copy-paste. We

therefore adopt the copy-paste augmentation as a default setting in the remaining

experiments.

4.4.4 Comparison to state-of-the-art methods

To describe the e�ectiveness of our approach, we compare NamedMask against

existing approaches that fall into the proposed segmentation leveraging only weak
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model transfer type backbone mIoU
USS
Inst. Disc. [Wu et al. 2018] - ResNet50 4.3
MoCo [He et al. 2020] - ResNet50 3.7
InfoMin [Tian et al. 2020] - ResNet50 4.4
SwAV [Caron et al. 2020] - ResNet50 4.4
MaskCon. [Van Gansbeke et al. 2021] - ResNet50† 35.0
MaskDist. [Van Gansbeke et al. 2022] - ResNet50† 45.8
SLOWP
MaskCLIPú [Zhou et al. 2022] zero-shot ResNet50 29.1
ReCoú‡ [Shin et al. 2022b] name-only DeiT-S/16 34.2
NamedMask name-only ResNet50 59.2

Table 4.6: Comparison to existing unsupervised semantic segmentation (USS)
and segmentation leveraging only weak pre-training (SLOWP) methods on the
PASCAL VOC2012 validation set. Numbers for USS methods are from MaskDis-
till. úRe-implemented and adapted by us to predict a background class. †uses
dilated ResNet [Yu and Koltun 2016]. ‡initialises the backbone with Stylized-
ImageNet [Geirhos et al. 2019] pre-training. Highest scores of each kind of meth-
ods are in bold.

pretraining (SLOWP) setting. Specifically, we consider and re-implement MaskCLIP

[Zhou et al. 2022] with the zero-shot transfer setting (i.e. the annotation-free set-

ting in their paper) and ReCo [Shin et al. 2022b] with the name-only transfer or

and name-and-image transfer setting. As described in Section 4.3.1, the transfer

type of each SLOWP method is determined by whether it has access to either

category names or unlabelled images from the evaluation benchmark during train-

ing. As such, the transfer type of a method varies with its evaluation benchmark

(see Table 4.4 for datasets of which categories and images each SLOWP approach

has access to during training).

As MaskCLIP and ReCo do not explicitly define background categories, we

classify the pixels as background if their highest class probability is lower than a

certain threshold t. We set t as 0.25 and 0.9 for MaskCLIP and ReCo (see the

supp. mat. for more details on how t is selected).

We evaluate on popular segmentation benchmarks including COCO, CoCA,
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VOC2012, and large-scale ImageNet-S datasets. Additionally, we also evaluate

on the object categories (e.g., car, person) in Cityscapes (denoted Cityscapesobj).

In addition to SLOWP methods, we also compare with state-of-the-art unsuper-

vised semantic segmentation (USS) including MaskContrast [Van Gansbeke et al.

2021] and MaskDistill [Van Gansbeke et al. 2022] on the VOC2012 and ImageNet-

S benchmarks, as they share with SLOWP the similar goal of training without

manual annotations.

In Table 4.5, we compare NamedMask to previous SLOWP methods on COCO,

CoCA, and Cityscapesobj benchmarks. We make two observations: (i) ReCo and

NamedMask, which have access to the category names, outperform MaskCLIP,

which is unaware of the concepts of the target benchmarks during training; (ii)

when comparing the two name-only transfer methods, NamedMask performs better

than ReCo by a large margin on each dataset.

In Table 4.6, we report the results of NamedMask on the VOC2012 validation

split. Our approach shows favourable performance over the existing models for

both SLOWP and USS. In detail, while the previous SLOWP methods fall behind

the state-of-the-art USS models, NamedMask outperforms them by some (¥13.4

mIoU). We also observe that the proposed method is competitive on ImageNet-S,

which consists of significantly more number of categories than VOC2012. Here,

NamedMask corresponds to the name-and-image transfer setting since it has im-

plicit access to unlabelled images from the target distribution through its use of

SelfMask (which is bootstrapped from DINO). Similarly, ReCo is categorised as

name-and-image transfer, as it uses ImageNet1K training images for constructing

classifiers. With the caveat that each method has access to di�erent informa-

tion, NamedMask outperforms the state-of-the-art methods by 15.5, 14.7, and

11.9 mIoU on ImageNet-S50 (in Table 4.7), ImageNet-S300 (in Table 4.8), and

ImageNet-S919 (in Table 4.9), respectively.

For qualitative results, we show sample visualisations of our method in Fig. 4.1.

More visualisation examples including failure cares are shown in the supplementary
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model transfer type mIoU S MS ML L
USS
MDC [Cho et al. 2021] - 3.6 0.4 2.6 3.8 4.9
MDC† [Cho et al. 2021] - 14.3 2.6 10.9 14.6 19.1
PiCIE [Cho et al. 2021] - 4.5 0.2 3.1 5.0 5.3
PiCIE† [Cho et al. 2021] - 17.6 4.4 13.1 20.1 23.1
MaskCon. [Van Gansbeke et al. 2021] - 24.2 12.2 25.6 24.7 20.4
LUSSs [Gao et al. 2021] - 29.3 6.6 25.0 33.2 32.6
LUSSp [Gao et al. 2021] - 32.0 9.7 26.2 36.5 40.5
SLOWP
MaskCLIPú [Zhou et al. 2022] zero-shot 17.9 3.6 13.1 18.6 20.6
ReCoú† [Shin et al. 2022b] name & image 22.6 10.0 24.6 22.1 18.8
NamedMask name & image 47.5 23.5 48.7 49.3 38.0

Table 4.7: Comparison to existing USS and SLOWP methods on the ImageNet-
S50 benchmark. Scores for USS are drawn from LUSS [Gao et al. 2021]. We
also report mIoU under di�erent object sizes from small (S), medium-small (MS),
medium-large (ML), and large (L). úRe-implemented and adapted by us to predict
a background class. †initialises the encoder with supervised ImageNet (for MDC
and PiCIE) or Stylized-ImageNet pre-training (for ReCo). Best score for each
column within a same method type is in bold.

model transfer type mIoU S MS ML L
USS
LUSSs [Gao et al. 2021] - 16.0 2.8 12.0 16.4 21.7
LUSSp [Gao et al. 2021] - 18.1 4.2 13.6 19.5 23.5
SLOWP
MaskCLIPú [Zhou et al. 2022] zero-shot 1.6 0.4 0.6 1.2 2.5
ReCoú† [Shin et al. 2022b] name & image 8.5 5.4 9.7 8.4 5.6
NamedMask name & image 32.8 9.9 29.1 34.9 26.0

Table 4.8: Evaluation on the ImageNet-S300 benchmark. úRe-implemented and
adapted by us to predict a background class. †initialises the encoder with Stylized-
ImageNet pre-training.

material.
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model transfer type mIoU S MS ML L
USS
LUSSs [Gao et al. 2021] - 6.6 1.3 4.6 7.1 8.4
LUSSp [Gao et al. 2021] - 11.0 2.4 8.3 11.9 13.4
SLOWP
MaskCLIPú [Zhou et al. 2022] zero-shot 0.5 0.1 0.2 0.3 0.8
ReCoú† [Shin et al. 2022b] name & image 3.8 2.6 4.6 3.6 2.5
NamedMask name & image 22.9 5.1 19.4 24.4 19.8

Table 4.9: Evaluation on the ImageNet-S919 benchmark. úRe-implemented and
adapted by us to predict a background class. †initialises the encoder with Stylized-
ImageNet pre-training. NamedMask is able to segment reasonably well even when
numerous categories (i.e., 919 classes) are present in the target dataset.

4.5 Limitations

We note several limitations of our approach: (1) We need to train a new segmenter

each time we wish to include another category which is not considered in the

previous training of NamedMask. Future work could potentially address this by

developing a segmenter that directly predicts embeddings in the shared textual

embedding space of CLIP. These could subsequently be used for naming predictions

beyond the categories seen during training (i.e. generalisation to unseen categories

without retraining). (2) While we primarily focus on object semantic segmentation

by leveraging an unsupervised saliency detector, it would strengthen our approach

to incorporate cues to segment “stu�” categories such as water, sky, etc. This could

potentially be done by building prior work such as ReCo or MaskCLIP, which are

capable of predicting stu� categories, into our pseudo-label generation step. (3)

We note that NamedMask struggles to di�erentiate a category which often appears

with another concept. For example, a rider of a motorbike sometimes is classified as

part of the motorbike. We conjecture that this is due to the use of a (unsupervised)

saliency detector for pseudo-mask generation which highlights dominant regions

in an image without account for a semantic of interest. We believe this can be

alleviated by considering a semantic prediction for an expected category in an
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image (similary to the language-guided attention mechanism used in ReCo [Shin

et al. 2022b]) in addition to the prediction made by the saliency detector.

4.6 Broader impact

NamedMask distills segmenters from foundation models. While powerful, these

models have been shown to exhibit biases across di�erent racial and religious

groups [Bommasani et al. 2021]. It is therefore likely that NamedMask inherits

these biases to some degree. As such NamedMask represents a research prototype

that is not appropriate for real-world usage without additional consideration of

the deployment setting and the design of appropriate mitigation mechanisms.

NamedMask aims to achieve semantic segmentation with a methodology that

can be scaled up without the prohibitive cost of manually-collected segment anno-

tation. In doing so, we hope that it will help enable the deployment of semantic

segmentation for applications that yield positive societal impact. As with many

powerful computer vision technologies, however, NamedMask is a tool that is sub-

ject to dual use and is therefore vulnerable to abuse. We are likely unable to

anticipate all such possible abuses, but examples could include applications that

entail unlawful surveillance.

4.7 Conclusion

In this work, we introduced NamedMask, a method for semantic segmentation that

is trained by distilling the complementary capabilities of two foundation models,

CLIP and DINO, into a single segmenter. By doing so, NamedMask achieves

impressive segmentation quality across both single-object and multi-object im-

ages without pixel-level annotation. We demonstrate the e�ectiveness of Named-

Mask by comparing to prior methods on several standard semantic segmentation

benchmarks including the large-scale ImageNet-S919 dataset, where we observe
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that NamedMask achieves a significant boost in segmentation performance.
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Abstract

Segmentation is a core computer vision competency, with applications

spanning a broad range of scientifically and economically valuable domains.

To date, however, the prohibitive cost of annotation has limited the deploy-

ment of flexible segmentation models. In this work, we propose Zero-shot

Unsupervised Transfer Instance Segmentation (ZUTIS), a framework that

aims to meet this challenge. The key strengths of ZUTIS are: (i) no require-

ment for instance-level or pixel-level annotations; (ii) an ability of zero-shot

transfer, i.e., no assumption on access to a target data distribution; (iii) a

unified framework for semantic and instance segmentations with solid per-

formance on both tasks compared to state-of-the-art unsupervised methods.

While comparing to previous work, we show ZUTIS achieves a gain of 2.2

mask AP on COCO-20K and 14.5 mIoU on ImageNet-S with 919 cat-

egories for instance and semantic segmentations, respectively. The code is

made publicly available.1

1https://github.com/NoelShin/zutis
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Figure 5.1: We propose ZUTIS, a framework for zero-shot unsupervised transfer
instance segmentation. The figure depicts instance segmentations made by ZUTIS
on COCO-20K [Vo et al. 2020] and VOC2012 [Everingham et al. 2010]. Without
pixel-level annotation or access to the target distribution, ZUTIS acquires the
ability to reliably segment instances within an image.

5.1 Introduction

In computer vision, the task of segmentation aims to group pixels within an im-

age into coherent, meaningful regions. Accurate segmentation unlocks a host of

applications such as tumour assessment in medical images [Bilic et al. 2019], land

cover estimation [Tong et al. 2020] for logistical planning, scene segmentation for

autonomous driving [Cordts et al. 2016], to name a few. The central challenge

that limits the deployment of such applications is the high cost of obtaining large,

accurate collections of pixel-level annotations to train appropriate segmenters. For

example, it was reported that when constructing the Cityscapes dataset, it took

90 minutes to fully annotate and validate individual images [Cordts et al. 2016].

To overcome this challenge, a range of unsupervised segmentation methods

have been developed that forgo pixel-level supervision [Ji et al. 2019; Cho et al.

2021; Van Gansbeke et al. 2022; Zhang and Maire 2020; Hamilton et al. 2022;

Vobecky et al. 2022]. One particularly promising line of work has focused on a

setting known as unsupervised semantic segmentation with language-image pre-

training (USSLIP) [Shin et al. 2022b; Shin et al. 2023], which leverages a vision-
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language foundation model [Bommasani et al. 2021] that has been pretrained on a

large corpus of internet-sourced image-text pairs. USSLIP methods exhibit strong

segmentation performance, category label flexibility and zero-shot transfer—the

ability to perform well on a downstream task without access to images from the

target distribution. However, while USSLIP methods enable semantic segmen-

tation, no such method developed to date possesses the ability to di�erentiate

between instances within a semantic category, a key functionality for many fine-

grained applications.

In this paper, we consider a challenging task, Zero-shot Unsupervised Transfer

Instance Segmentation, i.e., to segment the instances present in an image and

infer its semantic classes without relying on manual supervision or access to a

target dataset. To tackle such challenge, we start from the recent progress in

USSLIP [Shin et al. 2023], retrieving images for given concept with a pretrained

visual language model (e.g., CLIP), then generating pseudo-masks for the collected

images with an unsupervised saliency detector. To take one step further, we extend

the prior USSLIP architectures with two critical abilities, namely, instance-level

segmentation and generalisation to unseen categories. In specific, we couple a

query-based Transformer [Vaswani et al. 2017] decoder, which generates instance

mask proposals, with an image encoder, which is trained to output dense features

(i.e., patch tokens) aligned with text embeddings for a set of concepts from a

frozen CLIP [Radford et al. 2021] text encoder. Notably, the design of the proposed

approach allows to do inference for both semantic and instance segmentations with

strong performance compared to prior state-of-the-art approaches.

In summary, our contributions are three-fold: (i) We introduce a challenging

task, namely, zero-shot unsupervised transfer instance segmentation, which aims

to segment object instances without human supervision or access to a target data

distribution; (ii) We propose a simple yet e�ective framework, termed ZUTIS,

that goes beyond prior USSLIP approaches, and enables to concurrently perform

instance segmentation in addition to semantic segmentation; (iii) We show that
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ZUTIS performs favourably against state-of-the-art methods on standard unsuper-

vised segmentation benchmarks (e.g., COCO [Lin et al. 2014], ImageNet-S [Gao

et al. 2021]) by a large margin in both zero-shot transfer and unsupervised domain

adaptation settings.

5.2 Related work

Our work relates to diverse themes in the literature including zero-shot seman-

tic/instance segmentation, unsupervised semantic segmentation (with and with-

out language-image pretraining), unsupervised object segmentation, class-agnostic

unsupervised instance segmentation, universal architectures, and open-vocabulary

segmentation.

Zero-shot semantic/instance segmentation with (image-)language pre-

training. Zero-shot semantic/instance segmentation aims to generalise to unseen

categories after training for seen categories with ground-truth annotations. The

dominant approach exploits the relationships between category label embeddings

produced by a language model (e.g., word2vec [Mikolov et al. 2013] or GloVe [Pen-

nington et al. 2014]) [Zhao et al. 2017; Bucher et al. 2019; Gu et al. 2020; Xian

et al. 2019; Kato et al. 2019; Hu et al. 2020a; Li et al. 2020; Pastore et al. 2021;

Zheng et al. 2021] to facilitate generalisation. More recently, there has been grow-

ing interest in leveraging the joint image-text embedding space produced by a

pretrained vision-language model (e.g., CLIP) to enable dense predictions [Rao et

al. 2021; Li et al. 2022; Xu et al. 2021; Ding et al. 2022; Lüddecke and Ecker 2022].

In a similar vein, we build our approach on a pretrained vision-language model

to enable generalisation to novel categories, but with two key di�erences. First,

we do not assume access to a target data distribution, a setting termed zero-shot

transfer in [Radford et al. 2021]. Second, we do not use any manual annotations

during training. Note that the “annotation free” variant of MaskCLIP [Zhou et al.

2022] enables semantic segmentation in a similar regime in which neither access to
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the target distribution nor ground-truth annotations are available. We compare

our method to MaskCLIP on semantic segmentation tasks in Section 5.4.

Unsupervised semantic segmentation. A rich line of work has considered the

problem of unsupervised semantic segmentation, creatively constructing learning

signals from proxy tasks [Ji et al. 2019; Ouali et al. 2020b; Zhang and Maire 2020;

Van Gansbeke et al. 2021; Cho et al. 2021; Hamilton et al. 2022; Vobecky et al.

2022]. One practical challenge associated with these approaches is their reliance

on a matching stage to enable deployment (typically performed with Hungarian

matching [Kuhn 1955] on pixel-level segmentation annotations) that establishes

correspondences between segments and category names. By contrast, ZUTIS re-

quires no access to pixel-level supervision during either training or inference. Fur-

thermore, unlike the above, ZUTIS is capable of instance-level predictions as well

as semantic segmentation. We note one exception: MaskDistill [Van Gansbeke

et al. 2022] also reports on unsupervised instance segmentation in addition to

semantic segmentation (also using Hungarian matching to assign categories to

predictions). In Section 5.4, we compare ZUTIS with MaskDistill on unsupervised

instance segmentation.

Unsupervised semantic segmentation with language-image pretraining

(USSLIP). To achieve independence from pixel-level annotations during both

training and inference, a recent line of work targeting unsupervised semantic seg-

mentation proposes to leverage a vision-language model (e.g., CLIP [Radford et al.

2021]) to assign names to categories [Shin et al. 2022b; Shin et al. 2023]. To do so,

images are curated from an unlabelled image collection using the retrieval abilities

of the vision-language model, and then segmented via co-segmentation [Shin et al.

2022b] or salient object detection [Shin et al. 2023]. However, while these methods

avoid pixel-level annotations, they are either fragile (i.e., co-segmentation used

in [Shin et al. 2022b]) or rigid (i.e., a new segmenter needs to be retrained from

scratch for each new category [Shin et al. 2023]). Moreover, no USSLIP method to

date supports instance segmentation. ZUTIS builds on this line of work, but ad-
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dresses its limited functionality by enabling instance segmentation, and improves

both robustness and flexibility.

Unsupervised object segmentation. Unsupervised object segmentation, also

referred to as saliency detection, aims to train a detector to segment prominent

object regions in images without human supervision. Traditionally, handcrafted

methods have been proposed utilising low-level cues such as centre prior [Judd et al.

2009], contrast prior [Itti et al. 1998], and boundary prior [Wei et al. 2012]. A more

recent line of research uses objectness properties emerging from self-supervised

features extracted from modern vision architectures [Siméoni et al. 2021; Wang

et al. 2022b; Shin et al. 2022a] (i.e. DINO [Caron et al. 2021]). In this work, we

adopt SelfMask [Shin et al. 2022a] to generate object masks for images that are

used as pseudo-masks for our training.

Class-agnostic unsupervised instance segmentation. Recently, FreeSOLO

[Wang et al. 2022a] proposed a self-supervised framework for the class-agnostic in-

stance segmentation task. For this, coarse object masks are first generated by using

the object localisation property of self-supervised features (e.g., DenseCL [Wang

et al. 2021]), then a class-agnostic object detector is trained with the initial masks

via a self-training scheme [Wang et al. 2022a]. Concurrent work, CutLER [Wang

et al. 2023b], follows the similar framework, but with better initial masks produced

by proposed MaskCut. Unlike the above, we focus on the conventional class-aware

instance segmentation. The classification of each instance mask is made possible

as ZUTIS is built on the recent progress in unsupervised semantic segmentation

with language-image pretraining (i.e., ReCo [Shin et al. 2022b]).

Universal architectures. Recently, universal architectures that deliver multiple

object detection/segmentation tasks in a unified manner have gained considerable

attention [Carion et al. 2020; Cheng et al. 2021b; Zhang et al. 2021b; Cheng et

al. 2022]. Similarly, we propose an architecture that can tackle both semantic

and instance segmentations with a single architecture with two key di�erences:

(i) ZUTIS is flexible in terms of categories to segment as we use a text encoder
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Figure 5.2: Overview of ZUTIS. Given an image encoder and a text encoder
from a language-image model (e.g., CLIP), ZUTIS learns to perform both seman-
tic and instance segmentation. (Top) image features for an image are fed to a
feed-forward network (FFN) followed by a transformer decoder to produce mask
proposals, which are used to make predictions for instance segmentation at infer-
ence (bottom right). At the same time, the image features are projected into a
text embedding space in which semantic predictions are made via a dot-product
between the projected image features and frozen text features for a set of cate-
gories (bottom left). For simplicity, the pseudo-mask generation step is omitted.
See the text for details.

as a classifier; (ii) unlike the above which need to train a model from scratch for

a di�erent task, ZUTIS requires only a single training for semantic and instance

segmentations.

Open-vocabulary segmentation. Increasing the number of object categories

to be segmented has been explored by utilising class-incremental few-shot learn-

ing [Hu et al. 2020b], captions [Ghiasi et al. 2021b], grounded text descriptions [Ka-

math et al. 2021], as well as annotation transfer [Hu et al. 2018; Huynh et al. 2021]

and pairwise class balance regularisation [He et al. 2022]. Similarly, we seek to scale

the number of classes to be segmented, but without human supervision.
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5.3 Method

In this section, we start by introducing the considered problem scenario, namely,

zero-shot unsupervised transfer instance segmentation in Section 5.3.1, and de-

scribe the core building blocks of our proposed approach in Section 5.3.2, followed

by the architecture details for addressing unsupervised semantic and instance seg-

mentation tasks with pretrained language-image models in Section 5.3.3.

5.3.1 Problem scenario

We consider the problem of zero-shot unsupervised transfer instance segmenta-

tion, which aims to jointly segment objects present in an image and predicts their

semantic categories in both unsupervised and zero-shot transfer manner. The

unsupervised property of the task prohibits any reliance on manual supervision

for instance segmentation, while the zero-shot transfer property assumes that a

segmenter has no access to a target data distribution (e.g., a training split of

an evaluation benchmark). Note that, such properties pose significant di�erences

from the existing zero-shot instance segmentation, which leverages human supervi-

sion (e.g., pixel-level annotations) in a training split (of an evaluation benchmark)

for a certain group of classes (e.g., seen categories) during training.

To tackle this challenge, we propose a simple yet e�ective framework in which

we first predict class-agnostic object masks (mask proposal), then classify each

mask (mask classification) based on the pixelwise classification obtained in a joint

image-text space. Formally, we seek to train a segmenter �seg, consisting of an

image encoder �enc
I , an image decoder �dec

I , and a text encoder �T . The segmenter

ingests an image x œ R3◊H◊W , and a set of concepts/object categories (C), and

outputs a set of masks for semantic segmentation (SS) and instance segmentation
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(IS):

�seg(x, C) =

Y
__]

__[

�T (C)W�enc
I (x) œ {0, 1}|C|◊H◊W for SS,

�dec
I ¶ �enc

I (x) œ {0, 1}n◊H◊W for IS.

(5.1)

where W is a matrix projecting image features into a text embedding space and n

denotes a pre-defined number of object mask predictions. Note that, at this stage,

the object masks from the image decoder are class-agnostic. To decide a class of

the mask proposals, each mask is assigned a category via a dot-product between its

average image embedding (from the image encoder) and text embeddings followed

by a softmax (detailed in Section 5.3.3). It is worth noting that the design of our

framework allows the model to tackle both instance and semantic segmentations

concurrently—we show performance of our model on both tasks in Section 5.4.

In the following sections, we introduce the key components for our framework

in an unsupervised and zero-shot transfer fashion: generating pseudo-labels for

unlabelled images with existing pretrained foundation models, and an e�cient

transformer-based architecture for simultaneous semantic and instance segmenta-

tion.

5.3.2 Pseudo-label training

To train a segmenter without relying on manual labels, we adopt pseudo-label

training as in [Shin et al. 2022b; Shin et al. 2023]. Here, we briefly describe our

pseudo-mask generation process, composed of archive construction, unsupervised

saliency detection, and copy-paste augmentation used to generate synthetic images

containing multiple objects.

Archive construction. Given an image encoder „I and a text encoder „T from

a pretrained vision-language model (e.g., CLIP), we first build archives of images

for a set of categories C by curating images for each concept from an unlabelled

image dataset U (called an index dataset). Formally, we extract a set of normalised
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image embeddings FI as follows:

FI = {„I(xi) œ Rd
, i = 1, ..., N} (5.2)

where xi œ R3◊H◊W and N denotes the total number of images in U . Similarly,

we extract a set of normalised text embeddings „T (c) œ Rd for a name of each

category c œ C from the text encoder. Then we select k images with highest

similarities between image and text embeddings to form an archive for a category

c:

Uc = {xi œ U | i œ argtop
k
[FI„T (c)])} (5.3)

where argtop
k

returns indices of k largest values.

Unsupervised saliency detection. Given the image archives for the categories

of interest, we generate category-agnostic saliency masks Si œ {0, 1}H◊W by feed-

ing each image xi into an unsupervised saliency detector (e.g., SelfMask [Shin et al.

2022a]). We then assign the corresponding category name (from archive construc-

tion) and an instance id to the inferred saliency mask, which allows for training a

segmenter for semantic and instance segmentations as described in Section 5.3.3.

Synthetic image generation with copy-paste augmentation. To train a

segmenter which can segment multiple objects within an image, we follow [Shin

et al. 2023] and use copy-paste augmentation [Ghiasi et al. 2021a] to synthesise

an image with multiple objects. A pseudo-mask is created accordingly by copy-

pasting the binary pseudo-masks of the images used for the synthetic image, with

a unique instance id and a category label allocated to each mask.

5.3.3 Architecture

To tackle both semantic and instance segmentation tasks while preserving zero-

shot ability of a pretrained vision-language model (VLM), we propose a simple

framework termed, ZUTIS, which operates on features from image and text en-
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coders of VLM (shown in Fig. 5.2).

Semantic segmentation. Given an image encoder ÂI and a text encoder ÂT

from a pretrained VLM, we extract dense features ÂI(xi) œ Rev◊h◊w (e.g., patch

tokens from a vision transformer) for an image xi from the image encoder where

ev, h, and w denote the dimensionality of a visual embedding space, height and

width of the features, respectively. The dense features are projected into a text

embedding space by a projection matrix W œ Ret◊ev , where et is a dimension of

the text space. With text embeddings ÂT (C) œ R|C|◊et from the text encoder for a

set of categories, we compute logits via dot-product between the projected image

features and text features which are followed by a softmax function:

Pi = softmax(ÂT (C) ÂÂI(xi), dim=0) (5.4)

where ÂÂI(.) and Pi denote WÂI(.) and the probability map, respectively. Then a

cross-entropy loss Lce is used to minimise di�erences between the prediction and

the corresponding pseudo-mask generated in Section 5.3.2. To inherit the zero-shot

ability of pretrained VLM, we only optimise the parameters of the image encoder,

leaving the text encoder frozen. Note that this approach is related to MaskCLIP,

but with a key di�erence: we update the parameters in image encoder, while

MaskCLIP keeps the parameters fixed and instead uses value features from the

last self-attention layer of the image encoder to produce a semantic prediction.

We compare our method to MaskCLIP in Section 5.4.3.

Instance segmentation. Here, we first produce object mask proposals using

a query-based transformer decoder. In detail, given dense image features ÂI(xi)

before projection to the textual space, we pass the features to a feed-forward

network (FFN) with a hidden layer (e.g., an MLP with three layers) whose output

features are used as values V œ Rd◊h◊w for the transformer decoder. Given nq

object queries Q œ Rnq◊d and V , the decoder outputs query vectors that are

fed into another FFN before producing mask proposals M œ Rnq◊h◊w via a dot-
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product between the resulting Q and V . Then, we update the model with a

bipartite matching loss [Carion et al. 2020; Cheng et al. 2021b; Cheng et al. 2022]

Lmask between the proposals and the pseudo-masks for the image. We find that it

is essential to stop gradients from the transformer decoder flowing to the image

encoder, otherwise the model fails to converge (see Section 5.4.2). For Lmask, we

use a mixture of dice coe�cient [Milletari et al. 2016] and binary cross-entropy

losses Lmask = Ldice + Lbce with equal weights following [Cheng et al. 2022].

During inference, we assign each mask proposal ml œ M a category whose text

embedding shares the highest similarity with an average image embedding of the

mask. For this, we first binarise ml with a threshold t and compute the average

image embedding ÂI(xi, ml; t):

ÂI(xi, ml; t) = mean( ÂÂI(xi)[ml > t]) œ Ret . (5.5)

Then, we assign the mask that category with highest similarity to the average

image embedding:

argmax
cœC

Ë
ÂT (C)ÂI(xi, ml; t)

È
. (5.6)

Note that both text and average image embeddings are L2-normalised before dot-

product. In addition, we compute a confidence score sl œ [0, 1] for each mask

proposal, defined as the average value of the mask region multiplied by the max-

imum class probability for the mask (similarly to [Cheng et al. 2022]). Lastly, to

reduce false positives occurring from redundant predictions for a single object, we

apply non-maximum suppression (NMS) to the proposals before outputting final

instance predictions. We show the e�ect of NMS in Section 5.4.2.

Discussion. The key di�erences of ZUTIS from prior work for unsupervised

semantic segmentation with language-image pretraining are two-fold: (i) rather

than using a fixed n-way classifier, we use a pretrained, frozen text encoder as a

classifier, and optimise an image encoder to output dense features aligned with

the textual features from the text encoder, a design choice that allows the model

104



Chapter 5. Zero-shot Unsupervised Transfer Instance Segmentation

to be open-vocabulary; (ii) we enable instance segmentation by training a query-

based transformer decoder by bootstrapping the results from saliency detection

via copy-paste augmentation.

5.4 Experiments

In this section, we first describe the details of our experiments including datasets,

network architecture, training and inference settings, and evaluation metrics. Next,

we ablate components of our method such as the use of stop-gradient and non-

maximum suppression, and report the performance of the model on both semantic

and instance segmentation.

5.4.1 Implementation details

Datasets. We evaluate our model on COCO2017 [Lin et al. 2014] val split, PAS-

CAL VOC2012 [Everingham et al. 2010], CoCA [Zhang et al. 2020], and ImageNet-

S [Gao et al. 2021] test split for semantic segmentation and COCO-20K [Vo et al.

2020] for instance segmentation following [Van Gansbeke et al. 2022]. To demon-

strate our model’s zero-shot ability to new concepts, we additionally consider

the CUB-200-2011 [Wah et al. 2011] test split. In detail, VOC2012 trainval

split has 2,913 images with 21 categories including a background. COCO2017

val and CoCA are composed of 5,000 and 1,295 images with 80 object categories

and a background class. ImageNet-S test consists of 27,423 images with 919

object classes which are a subset of ImageNet1K [Russakovsky et al. 2015] classes.

COCO-20K comprises 19,817 images from the COCO2014 train split with the

same 80 object classes as COCO2017. CUB-200-2011 test is composed of 5,794

images with 200 fine-grained bird breeds.

Note that, in this paper, we primarily consider the zero-shot transfer setting,

in which the model has no access to training data sharing a data distribution

with a downstream benchmark. Thus, throughout our experiments, we use images
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retrieved from ImageNet1K (1.2M images) and PASS [Asano et al. 2021] (1.4M im-

ages) by the ViT-L/14@336px CLIP model to form an index image dataset except

an experiment in the unsupervised domain adaptation setting for the ImageNet-S

benchmark where we only retrieve ImageNet1K images. For prompt engineering,

we average text embeddings from 85 templates to obtain a textual feature for a

category following [Zhou et al. 2022; Shin et al. 2022b; Shin et al. 2023]. In all

cases, we fix the number of images for an archive as 500 (i.e. 500 images for a

category) as in [Shin et al. 2023].

Architecture. We use transformer-based CLIP models for the image encoder

(e.g., ViT-B/16) and text encoder. We use 6 transformer layers for the transformer

decoder and three-layer MLP for the FFN. We feed patch tokens from the last layer

of the image encoder to the decoder after bilinearly upsampling them by a factor

of 2 to enable predictions at a higher resolution.

Training. We compute the final loss L for the model as L = Lce+⁄maskLmask with

⁄mask set to 1.0. We optimise our model with the AdamW optimiser [Loshchilov

and Hutter 2019], with an initial learning rate of 5e-5 and a weight decay of

0.05. For the image encoder, we use a smaller learning rate of 5e-6. We train for

20K iterations with the Poly learning rate scheduler [Chen et al. 2018b], except

when training for 919 categories of ImageNet-S where the model is updated for

80K iterations. We use standard data augmentations such as random resizing,

cropping and colour jittering. Following [Shin et al. 2023], we adopt copy-paste

augmentation [Ghiasi et al. 2021a] and set the maximum number of images used

for copy-pasting to 10. To further encourage the model to di�erentiate objects of

the same category, we select images used for copy-paste from a randomly selected

archive 50% of the time. As in [Carion et al. 2020; Cheng et al. 2022], we compute

a mask loss for predictions by each transformer decoder layer.

Inference. We perform inference on images at their original resolution, except

for the large-scale ImageNet-S benchmark where we resize images with a longer

side larger than 1024 while preserving its aspect ratio. For such cases, the orig-
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Figure 5.3: With more computation measured in throughput, ZUTIS can produce
better performance in both semantic segmentation (left) and instance segmentation
(right).

inal resolution is restored with a bilinear upsampler following [Shin et al. 2023].

In addition, we apply NMS for instance segmentation predictions as mentioned

in Section 5.3.3.

Evaluation metrics. To measure our model’s performance, we use the standard

metrics such as mean intersection-over-union (mIoU) for semantic segmentation

and COCO-style mask average precision (APmk) for instance segmentation.

5.4.2 Ablation study

Here, we study the influence of the components in our method, including the choice

of encoder architecture, stop-gradient and NMS. For experiments in the ablation

study, we report the results on the VOC2012 trainval split.

E�ect of encoder architecture. In Fig. 5.3, we show the performance of our

model with di�erent transformer-based CLIP image encoders such as ViT-B/32,

ViT-B/16, and ViT-L/14 [Dosovitskiy et al. 2021].2 We observe that at the cost

of computation measured in throughput, heavier models consistently outperform

lighter models in both mIoU (left) and APmk (right). While ViT-L/14 performs

best, we report results with either ViT-B/32 or ViT-B/16 in the following exper-

iments to limit di�erences in performance due to model size (ResNet50 [He et al.
2While there are also ResNet-based CLIP encoders, we found them not suitable for instance
segmentation as they directly output features in the joint image-text space via an attention
pooling [Radford et al. 2021].
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stop-grad NMS APmk APmk
50 APmk

75
7 7 0.3 0.4 0.3
X 7 4.4 8.7 4.2
X X 13.7 30.9 11.1

Table 5.1: Stopping gradients from the transformer decoder to the image encoder
plays a crucial role in our framework while non-maximum suppression (NMS)
produces a substantial boost in performance. The performance is measured in
COCO-style AP metrics for instance segmentation.

class-agnostic class-aware
stop-grad APmk APmk

50 APmk
75 APmk APmk

50 APmk
75

7 8.4 19.9 6.4 1.0 1.9 0.9
X 9.9 24.1 7.4 13.7 30.9 11.1

Table 5.2: Applying a stop-grad operation between the image encoder and decoder
allows the encoder features to keep semantic representations.

2016] is typically used by previous unsupervised methods). Note that ViT-B/32

and ViT-B/16 are the lightest CLIP models compatible with our framework.

E�ect of stop-gradient and non-maximum suppression. As described in Sec-

tion 5.3.3, we prevent gradients from backpropagating to the encoder parameters

when optimising the transformer decoder to generate mask proposals. We observe

in Table 5.1 that this is crucial, otherwise the optimisation does not converge to

a reasonable solution. For our model trained with stop-gradient, applying NMS

to its mask proposals brings a noticeable gain in performance from 4.4 to 13.7

APmk. This is because the model tends to predict redundant mask proposals for

a single object, increasing false positives during evaluation. We therefore employ

both stop-gradient and NMS throughout the experiments.

Analysis on a stop-gradient operation. To further investigate why applying

a stop-grad operation is essential in our framework, we hypothesise that if stop-

grad is not applied, gradients from the mask loss for instance segmentation could

potentially dominate the visual feature learning, thus harming the visual-language

alignment in pretrained VLM. To verify this, we evaluate the models trained w/

and w/o the stop-grad w.r.t. class-agnostic and -aware APmk. As shown in Ta-
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ble 5.2, while the model trained w/o stop-grad performs poorly on class-aware

APmk, it performs reasonably on class-agnostic APmk, indicating that the result-

ing features are capable of segmenting objects but not suitable for classification.

Thus, it is crucial to separate features used for semantic and instance predictions

via a stop-grad for enabling class-aware instance segmentation.

5.4.3 Main results

Here, we compare ZUTIS to existing unsupervised instance segmentation and se-

mantic segmentation approaches. While we mainly focus on the zero-shot transfer

setting in which the model has no access to training data for the target down-

stream task, we also report results for semantic segmentation in the unsupervised

domain adaptation setting to draw comparison with existing approaches, where

the target data distribution is exposed to the model.

Unsupervised instance segmentation. In Table 5.3, we evaluate our model

on unsupervised instance segmentation on the COCO-20K dataset. As a baseline

for our method, we evaluate MaskCLIP for instance segmentation by treating its

semantic segmentation masks for an image as mask proposals. When comparing

to the state-of-the-art approach [Van Gansbeke et al. 2022], our model shows

comparable (with ViT-B/32) or better performance (with ViT-B/16) by 3.3 APmk
50 .

For qualitative visualisations of our model’s predictions, see Fig. 5.1.

Unsupervised semantic segmentation. For semantic segmentation, we pri-

marily compare to unsupervised approaches that leverage language-image pre-

training such as NamedMask, ReCo, and MaskCLIP. As ReCo and MaskCLIP do

not predict a “background” category, we re-implement their methods to predict

background class since it appears in all the benchmarks considered in our experi-

ments. Specifically, for ReCo, we follow [Shin et al. 2023] and treat the pixels as

background if their maximum class probability is lower than a threshold (=0.9).

For MaskCLIP, we simply provide a text embedding for “background” along with

other object category embeddings which we find more e�ective than thresholding.
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model backbone APmk APmk
50 APmk

75

unsupervised methods w/o language-image pretraining
DINO [Caron et al. 2021] ViT-S/16 0.7 2.0 0.4
LOST [Siméoni et al. 2021] ViT-S/16 1.2 3.3 0.6
MaskDistill [Van Gansbeke et al. 2022] ViT-S/16 1.7 4.1 1.4
MaskDistill [Van Gansbeke et al. 2022]† RN50-C4 3.5 7.7 2.9

unsupervised method w/ language-image pretraining
MaskCLIP [Zhou et al. 2022] ViT-B/32 0.3 0.8 0.2
ZUTIS (Ours) ViT-B/32 3.4 8.0 2.6
MaskCLIP [Zhou et al. 2022] ViT-B/16 1.3 3.4 0.8
ZUTIS (Ours) ViT-B/16 5.7 11.0 5.4

Table 5.3: Comparison to previous unsupervised instance segmentation methods
on COCO-20K. †Mask R-CNN [He et al. 2017] trained with pseudo-masks from
MaskDistill. The numbers for the methods without language-image pretraining
are quoted from [Van Gansbeke et al. 2022].

model arch. COCO CoCA
initialised with di�erent encoder features
ReCo† [Shin et al. 2022b] DeiT-S/16 & RN50x16 23.8 28.8
NamedMask‡ [Shin et al. 2023] RN50 & DLv3+ 28.4 27.3
initialised with CLIP encoder features
MaskCLIP [Zhou et al. 2022] ViT-B/16 20.6 20.2
ZUTIS (Ours) ViT-B/16 32.8 32.7

Table 5.4: Comparison to previous unsupervised semantic segmentation methods
leveraging image-language pretraining on COCO and CoCA in terms of mIoU (%).
†Initialised with supervised Stylised-ImageNet pretraining [Naseer et al. 2021].
‡Initialised with DINO [Caron et al. 2021].

In Table 5.4, we evaluate our model in the zero-shot transfer setting on the

COCO val and CoCA benchmarks and compare to unsupervised methods. Note

that ReCo and NamedMask have di�erent settings from ours in terms of initial-

isation and architecture for a backbone (i.e., ReCo initialises its backbone with

supervised Stylised-ImageNet training and NamedMask with DINO), thus a di-

rect comparison is not possible. Relative to MaskCLIP (which is comparable), our

model shows improvements of 12.2 and 12.5 mIoU on COCO and CoCA, respec-

tively.

In Table 5.5, we evaluate our method in the unsupervised domain adaptation
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model arch. # params (M) throughput (img/s) mIoU S MS ML L

unsupervised methods w/o language-image pretraining
PASSp [Gao et al. 2021] RN50 25.6 - 6.6 1.3 4.6 7.1 8.4
PASSs [Gao et al. 2021] RN50 25.6 - 11.0 2.4 8.3 11.9 13.4

unsupervised methods w/ language-image pretraining
ReCo† [Shin et al. 2022b] DeiT-S/16 & RN50x16 170.4 32.3 10.3 6.0 11.6 10.2 6.7
NamedMask‡ [Shin et al. 2023] RN50 & DLv3+ 26.6 125.0 22.9 5.1 19.4 24.4 19.8
ZUTIS (Ours) ViT-B/32 87.8 76.9 27.5 5.6 22.3 28.9 26.5
ZUTIS (Ours) ViT-B/16 86.2 43.5 37.4 10.7 32.1 40.2 33.4

Table 5.5: Comparison to existing unsupervised methods on the ImageNet-S
benchmark with 919 object categories in the unsupervised domain adaptation set-
ting. We also show mIoU in diverse object sizes from small (S), medium-small
(MS), medium-large (ML), and large (L). †Encoder initialised with supervised
Stylised-ImageNet pretraining. ‡Encoder initialised with unsupervised pretraining
(i.e., DINO).

category-specific label CUB-200-2011

7 72.5
X 72.6

Table 5.6: High-level to low-level zero-shot transfer on the CUB-200-2011 bench-
mark. When given a fine-grained bird breed, ZUTIS can segment the correspond-
ing bird regions as good as when it is given a high-level category “bird.”

setting, where the model is trained with images retrieved from the ImageNet1K

train split, and evaluated on ImageNet-S. Compared to the state-of-the-art un-

supervised method (i.e. NamedMask), our approach achieves a gain of 4.6 mIoU

with ViT-B/32 and 14.5 mIoU with ViT-B/16 at the expense of lower throughput.

Generalisation to new categories. Since we optimise our image encoder to

produce visual embeddings aligned to the text embedding from the frozen text

encoder, we expect the resulting model to be capable of segmenting objects of

novel concepts which are unseen during training. To verify this, we consider two

scenarios: (i) a high-level to low-level category transfer, i.e., the model is evaluated

on categories that it did not encounter during training but only their superset

category; (ii) transfer to unseen categories semantically far from those it has seen

during training.

For the first scenario, we evaluate our model, trained for 80 categories in COCO
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including ‘bird’, on the test split of CUB-200-2011 benchmark which has 200

fine-grained bird categories. Here, given a high-level category (i.e., “bird”) or a

low-level category for an image (i.e., image-specific fine-grained bird categories),

we encode the category with the text encoder and proceed with segmentation as

usual. Then we compare the segmentation result with the groundtruth mask. It

is worth mentioning that the performance is measured in IoU rather than mIoU,

as we do not expect the model to distinguish between the fine-grained categories.

This is because the image archive for “bird” is likely to contain images of di�erent

bird breeds, which encourages the model to learn the invariance between birds.

However, we expect the model to also identify the “bird” regions given a specific

bird breed as a target. As shown in Table 5.6, when given low-level categories (bird

breeds) as input, our model can perform equally well as when given a high-level

category (“bird”). Note that the semantically closest category to the fine-grained

categories among the 80 classes in COCO is “bird” and that only 16 out of 200

fine-grained bird categories contain “bird” as a part of its name (e.g., “Anna

Hummingbird”). This implies that the model is equipped with knowledge about

fine-grained bird species.

For the second scenario, we split 65 seen and 15 unseen classes in the COCO

dataset and evaluate our model on the unseen classes following prior work on zero-

shot instance segmentation [Zheng et al. 2021]. For this, we train our model with

image archives constructed only for the seen categories. As shown in Table 5.7,

when compared to a baseline unsupervised method, our model performs favourably

by a notable margin (i.e., +5.2 APmk
50 ). It indicates good generalisability of our

model to the unseen categories which are semantically remote from the concepts

seen during training.

5.4.4 Limitations

Although we show strong performance on unsupervised semantic segmentation

and instance segmentation leveraging only image-language pretraining, we also
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model APmk APmk
50 APmk

75
MaskCLIP [Zhou et al. 2022] 0.7 2.0 0.4
ZUTIS (Ours) 3.3 (+2.6) 7.2 (+5.2) 2.8 (+2.4)

Table 5.7: Zero-shot unsupervised instance segmentation for 15 unseen categories
on COCO-20K.

note two limitations to our work: (i) While the use of a vision-language model

such as CLIP [Radford et al. 2021] significantly simplifies deployment relative

to unsupervised approaches that employ Hungarian matching, it also represents

the source of potential error. For instance, our method will be unable to segment

categories that are not present in CLIP’s pretraining data (extremely rare concepts,

for example). (ii) Our pipeline for sourcing pseudo-masks with a vision-language

model (VLM) and a saliency detector has drawbacks. Images retrieved for a given

concept by VLM can contain objects of a distracting class which the detector

can highlight together with the desired category object. For example, both a

skateboard and a person riding it can be segmented by the detector when we

retrieve the image for “skateboard” and generate a pseudo-mask for it.

5.5 Broader impact

The goal of this work is to propose a practical framework for instance and se-

mantic segmentation. As such, we hope that our work facilitates many useful

applications of segmentation (medical image analysis, fault detection in manufac-

turing, security monitoring etc.). However, automatic segmentation represents a

dual-use technology and is therefore subject to misuse (unlawful surveillance, for

example). We also note that we build ZUTIS on top of foundation models like

CLIP [Radford et al. 2021]. These models are known to reflect biases present in

large, minimally curated internet corpora and thus our model is likely to inherit

these biases also. Consequently, any practical deployment of ZUTIS will require

assessment (and potentially also mitigation) of the risks posed by such biases.

113



Chapter 5. Zero-shot Unsupervised Transfer Instance Segmentation

5.6 Conclusion

In this work, we introduced ZUTIS, the first framework for joint instance segmen-

tation and semantic segmentation in a zero-shot transfer setting that requires no

pixel-level or instance-level annotation. We employ a query-based transformer ar-

chitecture for instance segmentation and train it on pseudo-labels generated from

applying an unsupervised saliency detector to images retrieved by CLIP. Through

careful experiments, we demonstrated the e�ectiveness of ZUTIS across both in-

stance segmentation and semantic segmentation tasks. In future work, we intend

to explore the application of ZUTIS to other modalities such as video.

Acknowledgements

This work was performed using resources provided by the Cambridge Service for

Data Driven Discovery (CSD3) operated by the University of Cambridge Research

Computing Service (www.csd3.cam.ac.uk), provided by Dell EMC and Intel using

Tier-2 funding from the Engineering and Physical Sciences Research Council (cap-

ital grant EP/T022159/1), and DiRAC funding from the Science and Technology

Facilities Council (www.dirac.ac.uk). GS is supported by AI Factory, Inc. in Ko-

rea. GS would like to thank Guanqi Zhan for proof-reading and Zheng Fang for

the enormous support. SA would like to acknowledge the support of Z. Novak and

N. Novak in enabling his contribution.

114



Chapter 5. Zero-shot Unsupervised Transfer Instance Segmentation

Appendices

Appendices for this chapter can be found in the online version of the paper.3

Statement of authorship

A statement of authorship for this paper is provided in Appendix A.

3https://www.robots.ox.ac.uk/~vgg/research/zutis

115

https://www.robots.ox.ac.uk/~vgg/research/zutis


Part III

Self-supervised Learning for

Class-agnostic Image

Segmentation

116



Chapter 6

Unsupervised Salient Object Detection

with Spectral Cluster Voting

The paper has been accepted for publication at the Learning with Limited Labelled

Data for Image and Video Understanding Workshop, Conference on Computer

Vision and Pattern Recognition (CVPR), 2022.

117



Unsupervised Salient Object Detection with

Spectral Cluster Voting

Gyungin Shin1 Samuel Albanie2 Weidi Xie1,3

1Visual Geometry Group, University of Oxford

2Department of Engineering, University of Cambridge

3Shanghai Jiao Tong University

https://www.robots.ox.ac.uk/~vgg/research/selfmask

Abstract

In this paper, we tackle the challenging task of unsupervised salient ob-

ject detection (SOD) by leveraging spectral clustering on self-supervised

features. We make the following contributions: (i) We revisit spectral clus-

tering and demonstrate its potential to group the pixels of salient objects

across various self-supervised features, e.g., MoCov2, SwAV, and DINO;

(ii) Given mask proposals from multiple applications of spectral clustering

on image features computed from di�erent self-supervised models, we pro-

pose a simple but e�ective winner-takes-all voting mechanism for selecting

the salient masks, leveraging object priors based on framing and distinc-

tiveness; (iii) Using the selected object segmentation as pseudo groundtruth

masks, we train a salient object detector, termed SelfMask, which outper-

forms prior approaches on three unsupervised SOD benchmarks. Code is

publicly available at https://github.com/NoelShin/selfmask.
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Chapter 6. Unsupervised Salient Object Detection with Spectral Cluster Voting

6.1 Introduction

Salient object detection (SOD)1, which aims to group pixels that attract human

visual attention, has been extensively studied in the field of computer vision due to

its wide range of applications such as photo cropping [Suh et al. 2003; Marchesotti

et al. 2009], re-targeting in images [Ding et al. 2011; Sun and Ling 2011] and

video [Rubinstein et al. 2008].

In the literature, early work tackled this problem by utilising low-level features

(e.g., colour [Cheng et al. 2015]) together with priors on salient regions in an

object such as contrast priors [Itti et al. 1998], boundary priors [Wei et al. 2012]

and centre priors [Judd et al. 2009]. Recent SOD models have approached this

task from the perspective of representation learning, typically training deep neural

networks (DNNs) on a large-scale dataset with manual annotations. However, the

scalability of such supervised learning approach is limited because it is a costly

process to collect ground-truth mask annotations.

To overcome the necessity of large-scale human annotation, many unsuper-

vised methods for saliency detection/object segmentation have recently been pro-

posed [Bielski and Favaro 2019; Chen et al. 2019; Voynov and Babenko 2020;

Voynov et al. 2021; Melas-Kyriazi et al. 2022c; Zhang et al. 2017; Zhang et al.

2018; Nguyen et al. 2019]. Despite these e�orts, the gap between unsupervised

and fully supervised SOD methods remains significant.

Interestingly, however, it has been noted that recent self-supervised models such

as DINO [Caron et al. 2021] exhibit significant potential for object segmentation

despite the fact that their training objective does not explicitly encourage pixel

grouping. The focus of this work is to leverage this observation to propose a simple

yet e�ective mechanism for extracting object regions from self-supervised features

that can be employed for the task of unsupervised salient object detection.
1In contrast to object detection (which aims to localise and recognise objects with bounding
boxes), salient object detection aims to segment foreground objects by predicting pixel-wise
masks for them.
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Figure 6.1: In this work, we propose SelfMask, a framework for salient object detec-
tion that employs no human annotation. The figure depicts example segmentations
produced by our model on DUT-OMRON [Yang et al. 2013], DUTS-TE [Wang et
al. 2017] and ECSSD [Shi et al. 2016], with blue and orange regions denoting the
intersection and the di�erence between the predicted mask and ground-truth label,
respectively. Despite no supervision, SelfMask reliably segments a close approxi-
mation to the full spatial extent of salient regions. Best viewed in colour.

To this end, we explore the use of spectral clustering [Shi and Malik 2000],

a classical graph-theoretic clustering algorithm, and find that it can generate

useful segmentation candidates across a range of self-supervised features (i.e.,

DINO [Caron et al. 2021], MoCov2 [He et al. 2020], and SwAV [Caron et al.

2020]). Motivated by this finding, we propose a simple winner-takes-all voting

strategy to select the salient object masks among a collection of clusters produced

by repeated applications of spectral clustering to self-supervised features.2 In par-

ticular, we base our voting strategy on two priors: The first is a framing prior that

a salient object should not occupy the full image height or width; the second is a

distinctiveness prior that assumes that salient regions are su�ciently distinctive

that they will appear as clusters among an appropriately constructed collection

of redundant re-clusterings of the data. We then show that the selected salient

masks can be employed as pseudo-labels to train a saliency estimation network

that achieves state-of-the-art results on a variety of benchmarks (see Fig. 6.1 for
2In this work, we use the terms cluster and mask interchangeably. Specifically, by mask, we
mean a (one-hot) mask which encodes the spatial extent of a cluster.
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example visualisations).

In summary, we make the following contributions: (i) We revisit spectral clus-

tering and highlight that, when applied to self-supervised features, it brings clear

benefits over k-means clustering as a proposal mechanism on three popular salient

object detection (SOD) datasets; (ii) We propose an e�ective voting strategy to

select the most salient object mask in an image among multiple segmentations

generated from di�erent self-supervised features by leveraging saliency priors; and

(iii) Using the salient masks as pseudo ground truth masks (pseudo-masks), we

train an object segmentation model, SelfMask, that outperforms the previous un-

supervised saliency detection approaches on three SOD benchmarks.

6.2 Related work

Our work relates to two themes in the literature: self-supervised representation

learning and unsupervised saliency detection. Each of these is discussed next.

6.2.1 Self-supervised representation learning

There has been a great deal of interest in self-supervised approaches to learn-

ing visual representations that obviate the requirement for labels. These include

techniques for solving proxy tasks, such as predicting patch locations [Doersch

et al. 2015], patch discrimination [Dosovitskiy et al. 2015], grouping through

co-occurrence [Isola et al. 2015], colourisation [Larsson et al. 2017], jigsaw puz-

zles [Noroozi and Favaro 2016], common fate principles [Mahendran et al. 2018],

clustering [Caron et al. 2018; Asano et al. 2020], and instance discrimination [Wu

et al. 2018; He et al. 2020]. Our work is inspired by recent work exploring the

use of self-supervised transformers [Chen et al. 2021; Caron et al. 2021], and by

the analysis provided by [Caron et al. 2021; Naseer et al. 2021] who noted that

the self-attention of Vision Transformers (ViT) [Dosovitskiy et al. 2015] are ca-

pable of highlighting spatially coherent object regions in their input. While prior
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work [Zhan et al. 2018] has demonstrated that self-supervised pretraining can

be e�ective for semantic segmentation when coupled with end-to-end supervised

metric learning on the target dataset, we instead seek a simple way to exploit

self-supervised features for object segmentation without annotation.

6.2.2 Unsupervised saliency detection

Supervised object segmentation requires pixel-wise annotations which are time-

consuming to acquire. Seeking to avoid this cost, many attempts have been made

to solve the task in an unsupervised fashion. Prior to the dominance of deep

neural networks, a broad range of handcrafted methods were proposed [Liu et

al. 2007; Achanta et al. 2009; Klein and Frintrop 2011; Goferman et al. 2012;

Yan et al. 2013; Zhu et al. 2014; Cheng et al. 2015] based on one or more priors

relating to foreground regions within an image such as the contrast prior [Itti et

al. 1998], centre prior [Judd et al. 2009], and boundary prior [Wei et al. 2012].

However, these handcrafted approaches su�er from poor performance relative to

recent DNN-based models, described next.

Generative models. A common approach for DNN-based unsupervised object

segmentation is to utilise generative adversarial networks (GANs) [Goodfellow et

al. 2014]. Specifically, given an image, a generator is adversarially trained to pro-

duce an object mask which will be used to composite a realistic image by copying

the corresponding object region in the image into a background which is either syn-

thesised [Bielski and Favaro 2019] or taken from a di�erent image [ArandjeloviÊ and

Zisserman 2019]. An alternative family of approaches aims to discover a direction

in the latent space of a pre-trained GAN that can be used to segment foreground

and background regions [Voynov and Babenko 2020; Voynov et al. 2021; Melas-

Kyriazi et al. 2022c]. Then, a saliency detector is trained on a synthetic data

set composed of pairs of images together with their foreground masks generated

via the discovered latent space structure. In contrast, we seek to exploit repre-

sentations learned via self-supervision by discriminative, rather than generative,
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models.

Noisy supervision with pseudo-labels. More closely related to our work,

the use of weak pseudo saliency masks for training a DNN has been proposed.

SBF [Zhang et al. 2017], the first attempt to train saliency detector without hu-

man annotation, proposed to train a model with superpixel-level pseudo-masks

generated by fusing weak saliency maps from multiple unsupervised methods

(i.e., [Zhang et al. 2015; Zhang and Sclaro� 2016; Shi et al. 2016]). Similarly,

USD [Zhang et al. 2018] aims to learn from diverse noisy pseudo-labels obtained

via distinct unsupervised handcrafted methods in such a way that a saliency de-

tector trained with the pseudo-masks can predict a saliency map free from label

noise. DeepUSPS [Nguyen et al. 2019] proposed to refine the pseudo-masks for

images produced by handcrafted saliency methods, by training segmentation net-

works via a self-supervised iterative refinement process. The refined pseudo-masks

are then combined from di�erent handcrafted methods to train a final segmen-

tation network. In contrast to the methods above, we use neither handcrafted

saliency methods nor an iterative refinement strategy, resulting in a simpler learn-

ing framework.

Object segmentation properties of self-supervised vision transformers.

Another line of related work has sought to investigate the observation that self-

supervised ViTs [Caron et al. 2021] exhibit object segmentation potential. LOST

[Siméoni et al. 2021] propose to pick a seed patch from such a ViT that is likely to

contain part of a foreground object, and then expand the seed patch to di�erent

patches sharing a high similarity with the seed patch. Concurrent work, Token-

Cut [Wang et al. 2022b], proposes to use Normalised Cuts [Shi and Malik 2000]

to segment the salient object among the final layer self-attention key features of

ViT. SelfMask di�ers from the TokenCut approach to salient object detection in

two key ways: (1) While we similarly employ spectral clustering as part of our

pipeline, we demonstrate the significant additional value of integrating cues from

diverse re-clusterings via voting to bootstrap a pseudo-labelling process; (2) Rather
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Figure 6.2: Overview of our approach. Given di�erent self-supervised encoders, we
first generate a set of pseudo-mask candidates per image using spectral clustering
before the training step. In the figure we show 12 masks from clusterings from
three di�erent encoder features with k=4. We select the most salient mask among
them via the proposed voting strategy and use it as a pseudo-mask for the image.
Then we train our model to predict nq queries (i.e., predictions), all of which
are encouraged to be similar to the salient mask. To make the model aware of
the objectness of each prediction, we use the ranking loss which encourages the
objectness score of a prediction closer to the salient mask to be higher. At inference
time, we select the prediction with the highest objectness score. Please see the
text for details.

than focusing solely on transformers, we leverage saliency cues from self-supervised

convolutional neural networks (CNNs) as well as ViT architectures, and show the

benefits of doing so. We compare our approach with theirs in Section 6.4.

6.3 Method

In this section, we begin by formalising the problem scenario (Section 6.3.1) and

briefly summarise spectral clustering (Section 6.3.2). Then, we introduce our ap-

proach to address unsupervised salient object detection by selecting pseudo ground

truth masks via spectral clustering, and train a saliency prediction network, called

SelfMask (Section 6.3.3).
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6.3.1 Problem formulation

Here, we consider the task of unsupervised salient object detection (SOD), with

the goal of training a segmenter (�seg) that seeks to partition the image into two

disjoint groups, namely foreground and background. That is,

�seg(I; �) = Mseg œ {0, 1}H◊W (6.1)

where I œ RH◊W ◊3 refers to an input image, and � represents learnable param-

eters. Mseg denotes a binary segmentation mask, with 1s denoting a foreground

region and 0s denoting background.

Traditionally this has been treated as a clustering problem where the key chal-

lenge lies in designing e�ective features for accurately describing salient regions.

In this work, we instead look for a simple yet e�ective solution by leveraging

self-supervised visual representations.

6.3.2 Segmentation with spectral clustering

Conceptually, segmentation is obtained via spectral clustering [Shi and Malik 2000]

with pixel-wise image features by projecting the features onto a representation

space such that image partitions can be decided by directly comparing similarities

between their corresponding features.

Concretely, we first extract dense features from the image, i.e., F œ Rh◊w◊D

with a pre-trained convolutional- or transformer-based encoder. Then, each feature

vector fi œ RD in the dense feature map F can be seen as a vertex in an undirected

graph with vertex set V = {f1, . . . , fN} œ RN◊D, where N = h · w. Each edge

between two vertices fi and fj is associated with a non-negative weight wij Ø 0

defined by feature similarity. In particular, the weighted adjacency matrix W of
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the graph is computed as

W = (wij) = VVT

ÎVÎÎVÎ œ RN◊N (6.2)

where the degree of a vertex fi œ V is defined as di = q
N

j=1 wij, and the degree

matrix D is defined with the degrees d1, . . . , dN on the diagonal. Given the adja-

cency matrix W and the degree matrix D, the (un-normalised) graph Laplacian

L is defined as:

L = D ≠ W (6.3)

Given L, we can solve the generalised eigenproblem:

Lu = ⁄Du (6.4)

where u œ RN and ⁄ represent an eigenvector and its eigenvalue. We take the k

eigenvectors with the lowest eigenvalues and form a matrix U œ RN◊k which has

the eigenvectors as its columns.

Finally, a set of clusters C is obtained by running k-means algorithm on the row

vectors of a matrix U (see supplementary for more detail), producing regions with

all pixels from the corresponding cluster. Note that, at this stage, the resulting

clusters are composed of both object and background masks—the object mask

itself will be selected by our selection strategy described next.

6.3.3 Supervision with pseudo-mask from spectral clusters

Here, we first introduce our voting strategy for selecting a salient mask from a

set of spectral clusters from di�erent features and multiple k values (i.e., cluster

numbers), which utilises a framing prior and distinctiveness prior. Then, we de-

scribe our model, SelfMask, which is trained by using the selected salient masks

as pseudo-masks for supervision.
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Spectral cluster winner-takes-all voting

To choose the salient object among the mixture of foreground and background

masks generated by spectral clustering, we propose a voting strategy based on two

observations: (1) The spatial extent of an object rarely occupies the entire height

and width of an image. (2) Salient object regions are likely to appear in multiple

clusters across di�erent self-supervised features as well as with di�erent cluster

numbers k. In other words, among k clusters from an application of clustering,

we assume that at least one cluster encodes an object region within the image

and that this holds for di�erent features (e.g., DINO, MoCov2, or SwAV). We call

these priors the framing prior and distinctiveness prior, respectively. Note that

the framing prior bears a resemblance to the centre prior [Judd et al. 2009], which

states that salient objects are likely to be located near the center of an image, and

the boundary prior [Wei et al. 2012], which presumes that the foreground object

rarely touches the boundary of an image. However, the framing prior di�ers from

these priors in that it is not related to a location of an object but rather the scale

of an object within an image.

To use the framing prior and distinctiveness prior in practice, we first form

a candidate set of masks by repeatedly applying spectral clustering to di�erent

features with multiple k values. Then, we treat masks whose spatial extent is as

long as the width or height of the image as background masks, and eliminate them

from the candidate set. Finally, we employ winner-takes-all voting: we pick the

mask with the highest average pair-wise similarity w.r.t. IoU among all remaining

masks as the final mask for salient objects (bottom of Fig. 6.2). There are two

edge cases in the background elimination process we handle explicitly: (i) when

no masks are left in the candidate set and (ii) when only two masks are left,

sharing the same IoU. For the former case, we simply keep all the masks in the

candidate set as every mask highlights regions spanning the spatial extent of the

image, breaking the assumption of the framing prior. For the latter, we break ties

randomly to pick one of the two masks.
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SelfMask

Here, we describe our model architecture, training, and inference procedure.

Architecture. We base our salient object detection network, called SelfMask, on

a variant of the MaskFormer architecture [Cheng et al. 2021b] which was originally

proposed for the semantic/instance segmentation task.

SelfMask has two di�erent sets of outputs: mask predictions and objectness

scores for each mask. In detail, our model comprises an image encoder, a pixel

decoder, and a transformer decoder (upper part of Fig. 6.2). The image encoder

takes an image I œ RH◊W ◊3 as input and outputs feature maps f(I) œ Rh◊w◊D.

Then, the feature maps are fed into the pixel decoder to produce upsampled fea-

tures g(f(I)) œ RH◊W ◊D. The feature maps are also passed to the transformer

decoder which outputs nq per-mask embeddings by using the feature maps as keys

and values and the learnable embeddings as queries. The final mask predictions

M are produced via matrix multiplication between the upsampled features and

per-mask embeddings, followed by an element-wise sigmoid function ‡ (·):

M = {Mi | Mi = ‡ (g (f (I)) qi) , i = 1, ..., nq} (6.5)

where qi œ RD denotes the ith query (i.e., per-mask embedding). For each mask

Mi, an objectness score oi œ [0, 1] is estimated by feeding the corresponding per-

mask embedding qi to a simple MLP with two hidden layers followed by a sigmoid

function. Note that other encoder and decoder architectures can also be used here.

Objective. For training, we employ two objective functions: a mask loss and a

ranking loss, denoted by Lmask and Lrank, respectively. Given nq mask predictions

for an image from the model, we encourage all predictions to be similar to the

pseudo-mask. Specifically, following [Cheng et al. 2021b], we use the Dice coef-

ficient [Milletari et al. 2016], which considers the class-imbalance between fore-

ground and background regions within an image, as the mask loss. It is worth

noting that, unlike [Cheng et al. 2021b], we do not include the focal loss [Lin et al.
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Figure 6.3: Sample visualisations of the pseudo-masks and predictions from our
model on the ECSSD, DUT-OMRON, and DUTS-TE benchmarks. From left to
right, the input image, ground-truth mask, a pseudo-mask decided by the proposed
voting-based salient mask selection, and the prediction of our model are shown.
Blue and orange coloured regions denote the intersection and di�erence between
a ground-truth and a predicted mask. Best viewed in colour.

2017] in the mask loss since we find that it hinders convergence.

To decide which prediction best highlights the salient region in the image among

the proposed candidates when nq > 1, we rank the predicted masks based on their

objectness score. Specifically, we first re-order the indices of the predicted masks

by their mask loss in ascending order such that

Lmask (Mi, Mpseudo) Æ Lmask (Mj, Mpseudo) (6.6)

for any i < j, where Mpseudo denotes the target pseudo-mask for the image. Then,

we enforce the objectness score oi of the mask Mi to be higher than the scores

oj for any j > i. As a consequence the model is encouraged to produce a higher

score for a predicted mask that more closely resembles the pseudo-mask than other

predictions. We instantiate this ranking loss as a hinge loss [Cortes and Vapnik

1995]:

Lrank =
nq≠1ÿ

i=1

nqÿ

j>i

max (0, oj ≠ oi) . (6.7)

Overall, our final objective function is as follows:

L = Lmask + ⁄Lrank (6.8)
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where ⁄ is a weighting factor, which is set to 1.0 across our experiments. Follow-

ing [Carion et al. 2020; Cheng et al. 2021b], we compute the loss for outputs from

each layer of the transformer decoder.

Inference. During inference, given nq predicted masks for an image and their

objectness score, we pick the mask with the highest score as the salient object

detection and binarise it with a fixed threshold of 0.5.

6.4 Experiments

In this section, we first describe the datasets used in our experiments (Section 6.4.1)

and provide implementation details (Section 6.4.2). We then conduct ablation

study (Section 6.4.3) and report our results for salient object detection (Sec-

tion 6.4.4).

6.4.1 Datasets

We use DUTS-TR [Wang et al. 2017], which contains 10,553 images, to train our

model with the pseudo-masks generated by following Section 6.3.3. We emphasize

that only images are used for generating pseudo-masks and training, without the

corresponding labels. For our ablation study and comparison to previous work,

we consider five popular saliency datasets including DUT-OMRON [Yang et al.

2013], which comprises 5,168 images of varied content with ground-truth pixel

level masks; DUTS-TE [Wang et al. 2017], containing 5,019 images selected from

the SUN dataset [Xiao et al. 2010] and ImageNet test set [Deng et al. 2009];

ECSSD [Shi et al. 2016] which contains 1,000 images that were selected to represent

complex scenes; HKU-IS [Li and Yu 2015] which consists of 4,447 scene images

with foreground/background sharing the similar appearances; SOD [Movahedi and

Elder 2010] which contains 300 images with many images having multiple salient

objects.
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6.4.2 Implementation details

Networks. We use the ViT-S/8 architecture [Dosovitskiy et al. 2021] for the

encoder, a bilinear upsampler with a scale factor of 2 for the pixel decoder, and 6

transformer layers [Vaswani et al. 2017] for the transformer decoder. For the MLP

applied to per-mask queries (with a dimensionality of 384) that outputs a scalar

value for the objectness score, we use three fully-connected layers with a ReLU

activation between them. We set the same number of units for the hidden nodes

as the input (i.e., 384) and output a single value followed by a sigmoid.

Training details. We train our models for 12 epochs and optimise all parame-

ters including the backbone encoder using AdamW [Loshchilov and Hutter 2019]

with a learning rate of 6e-6 and the Poly learning rate policy [Ouali et al. 2020a;

Xie et al. 2020; Chen et al. 2018b]. For data augmentation, we use random scaling

with a scale range of [0.1, 1.0], random cropping to a size of 224◊224 and random

horizontal flipping with a probability of 0.5. In addition, photometric transfor-

mations include random color jittering, color dropping, and Gaussian blurring are

applied. We run each model with three di�erent seeds and report the average.

Metrics. In our experiments, we report intersection-over-union (IoU), pixel

accuracy (Acc) and maximal F— score (max F—) with —
2 set to 0.3 following [Wang

et al. 2022b]. Please refer to the supplementary for more details on these metrics.

6.4.3 Ablation study

In this section, we first conduct experiments to compare the e�ectiveness of spectral

clustering and k-means when applied to self-supervised image encoders. Next, we

quantitatively verify the performance of our winner-takes-all voting strategy for

foreground mask selection and compare it to di�erent saliency selection methods.

Lastly, we investigate the e�ect of di�erent number of queries on SelfMask.
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Model Arch. Cluster.
DUT-OMRON DUTS-TE ECSSD

k={2, 3, 4} k={2, 3, 4} k={2, 3, 4}
Convolutional Nets

MoCov2 [He et al. 2020] ResNet50 k-means .375 .415 .500
MoCov2 [He et al. 2020] ResNet50 spectral .387 .454 .627

SwAV [Caron et al. 2020] ResNet50 k-means .399 .444 .542
SwAV [Caron et al. 2020] ResNet50 spectral .401 .458 .590

Vision Transformer

DINO [Caron et al. 2021] ViT-S/16 k-means .377 .392 .541
DINO [Caron et al. 2021] ViT-S/16 spectral .394 .417 .577

DINO [Caron et al. 2021] ViT-S/8 k-means .369 .377 .551
DINO [Caron et al. 2021] ViT-S/8 spectral .398 .411 .587

Table 6.1: Spectral clustering dominates k-means for self-supervised fea-
tures. We report upper bound IoUs to compare the quality of masks produced
by k-means and spectral clustering on self -supervised features with two di�erent
encoder architectures (i.e., convolution- and transformer-based encoder). We re-
port the average of the results from k={2, 3, 4}.

Model Arch. Cluster.
DUT-OMRON DUTS-TE ECSSD

k={2, 3, 4} k={2, 3, 4} k={2, 3, 4}
Convolutional Nets

ResNet [He et al. 2020] ResNet50 k-means .337 .354 .444

ResNet [He et al. 2020] ResNet50 spectral .310 .327 .437
Vision Transformer

ViT [Dosovitskiy et al. 2021] ViT-S/16 k-means .394 .411 .542
ViT [Dosovitskiy et al. 2021] ViT-S/16 spectral .380 .400 .551

Table 6.2: Spectral clustering and k-means perform comparably for fully-
supervised features. We report upper bound IoUs to provide a comparison of
mask quality comparison between k-means and spectral clustering applied to fully-
supervised features. We report the average of the results from k={2, 3, 4}.

Spectral clustering vs k-means clustering

We compare spectral clustering against a k-means [Lloyd 1982] clustering baseline

on three salient object detection benchmarks. As the resulting segmentations from

each algorithm are agnostic to foreground/background regions, we consider a best-

case evaluation for both algorithms. In detail, given a groundtruth mask, we pick

the cluster with the highest IoU w.r.t. the groundtruth. Such IoUs act as an

upper-bound score among the clusters (i.e., average best overlap in [Arbeláez et
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al. 2014]).

To account for the e�ect of the cluster number k on performance of the cluster-

ing algorithms, we consider di�erent k values from 2 to 4 and average the results.

For the full results with each k value, please refer to the supplementary.

As shown in Table 6.1, we observe that object masks from spectral clustering

consistently outperform k-means masks by a large margin. Interestingly, however,

when using fully-supervised image encoders, the performance gain of spectral clus-

tering diminishes (Table 6.2). These findings boil down to a simple summary: while

using self-supervised visual representations for grouping, spectral clustering is con-

siderably superior to k-means, regardless of the choice of encoder architecture and

self-supervised learning algorithm.

Voting for salient object masks

Here, we conduct experiments to assess our voting method for selecting a fore-

ground mask among the mask candidates. Since these experiments include abla-

tions across hyperparameter choices, we conduct them on the HKU-IS [Li and Yu

2015] and SOD [Movahedi and Elder 2010], rather than the benchmarks used to

compare to prior work.

In detail, we construct an initial corpus of mask candidates by clustering di�er-

ent self-supervised features with di�erent number of clusters, as described in Sec-

tion 6.3.2. For this, we build the candidate set with spectral clusters from di�erent

combinations of self-supervised features, e.g., MoCov2/DINO or SwAV/MoCov2.

It is important to do so to allow our voting-based method to leverage the dis-

tinctiveness prior across di�erent features. In addition, for each combination, we

experiment with 3 di�erent k value settings: k=2, {2, 3} or {2, 3, 4} to account for

various object scales, e.g., a lower k tends to cover large regions, while a higher

k segments smaller objects. We then evaluate the selected masks on the HKU-IS

set. For reference we also compute an upper bound IoU, which is computed in a

similar way as done in the previous section.
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E�ectiveness of clustering various self-supervised models with di�erent

number of clusters. As shown in Table 6.3, we make two observations: (i) IoU

of both selected masks and upper bound masks, denoted by pseudo-mask and UB

improves by increasing k across all feature combinations; (ii) using all three features

(i.e., DINO, MoCov2 and SwAV) results in better pseudo-masks than using two

of the three features (e.g., MoCov2 and SwAV). These support the distinctiveness

prior, which assumes that at least one cluster represents a foreground region, and

its application to our voting-based saliency selection method.

E�ectiveness of the proposed voting approaches. We further validate the

e�ectiveness of our voting scheme by comparing to di�erent selection methods, i.e.,

random selection and a centre prior [Judd et al. 2009]-based strategy. Specifically,

we form a candidate set using DINO/MoCov2/SwAV features with k = {2, 3, 4},

which amounts to 27 masks in total. For the random strategy, we simply pick

one of the masks uniformly from the candidates. For the centre prior selection

strategy, we choose a mask whose average Euclidean distance to the image centre

from its constituent pixel locations is lowest. In addition, we consider each method

with or without utilising the framing prior to assess the influence of filtering out

background mask. We evaluate the IoU of each case on the HKU-IS and SOD

benchmarks.

As can be seen in Table 6.4, deploying the framing prior boosts IoU in all con-

sidered selection methods, with the proposed voting selection method performing

best. The framing prior plays a crucial role in the voting process: voting without

this prior performs much worse than its counterparts in both random and center-

based selections on HKU-IS, and performs similarly to the random strategy on

SOD. This is caused in large part by mistakes when selecting background masks

as salient objects.
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Features
k Pseudo-mask UB

DINO [Caron et al. 2021] MoCov2 [He et al. 2020] SwAV [Caron et al. 2020]

7 X X
2 .508 .562

2, 3 .561 .626
2, 3, 4 .580 .658

X 7 X
2 .473 .553

2, 3 .538 .644
2, 3, 4 .559 .682

X X 7
2 .459 .546

2, 3 .536 .648
2, 3, 4 .566 .688

X X X
2 .511 .584

2, 3 .567 .664
2, 3, 4 .590 .698

Table 6.3: Forming a candidate set with various self-supervised features
and multiple k values improves IoU of both pseudo-masks and upper
bound masks (UB). We compare cases with di�erent combinations of self-
supervised features and cluster numbers of k=2, {2, 3} or {2, 3, 4} on the HKU-IS
benchmark.

The influence of the number of queries

As described in Section 6.3.3, we train SelfMask using the selected salient masks

as pseudo-masks. Here, we investigate the e�ect of the number of queries nq in the

Transformer decoder. For this, we train our model with nq={5, 10, 20, 50, 100}

on DUTS-TR and evaluate performance on the HKU-IS benchmark in terms of

maxF— for two settings, (i) using ground-truth masks to pick the best mask out of

nq mask predictions, denoted as the SelfMask upper bound (UB); (ii) taking the

mask with the highest object score, denoted SelfMask.

As shown in Fig. 6.4, both SelfMask and SelfMask UB are fairly robust to

the number of queries, initially increasing slightly with this hyperparameter (i.e.,

predictions) before degrading after 20 queries. We conjecture that this is because

a handful of queries are enough to localise the salient objects, while further pre-

dictions may make it challenging to appropriately rank the objectness of each

prediction. For this reason, in the section that follows, we consider SelfMask with

20 queries, and pick the query with the highest objectness as our prediction during

inference.
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Selection Framing prior HKU-IS SOD

random 7 .206 .197
X .464 .277

center 7 .362 .122
X .442 .392

voting (ours) 7 .081 .200
X .590 .447

Table 6.4: Winner-takes-all voting and the framing prior both signifi-
cantly improve mask quality. We compare our voting strategy to di�erent
selection strategies along with the e�ect of framing prior under the IoU metric.
Selection is performed from a candidate set including DINO, MoCov2 and SwAV
features with k = {2, 3, 4}.

Figure 6.4: E�ect of number of queries on the performance of SelfMask
on the HKU-IS dataset. The model’s prediction and its upper bound, denoted
by SelfMask and SelfMask (UB) each, are shown.

6.4.4 Comparison to state-of-the-art unsupervised saliency detec-

tion methods

To compare with existing works on unsupervised SOD, we evaluate on three pop-

ular SOD benchmarks in terms of Acc., IoU, and maxF—. Following [Wang et al.

2022b], we also report results after post-processing predictions with the bilateral

solver [Barron and Poole 2016]. As shown in Table 6.5, while the pseudo-masks

from spectral cluster voting already perform reasonably well compared to previous

models, our self-trained model outperforms all existing approaches on all bench-

marks. This suggests both that the model can learn to generalise e�ectively from

noisy masks, and that the objectness score trained with the ranking loss is e�ective
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Model DUT-OMRON DUTS-TE ECSSD
Acc IoU maxF— Acc IoU maxF— Acc IoU maxF—

HS [Yan et al. 2013] .843 .433 .561 .826 .369 .504 .847 .508 .673
wCtr [Zhu et al. 2014] .838 .416 .541 .835 .392 .522 .862 .517 .684
WSC [Li et al. 2015] .865 .387 .523 .862 .384 .528 .852 .498 .683
DeepUSPS [Nguyen et al. 2019] .779 .305 .414 .773 .305 .425 .795 .440 .584
BigBiGAN [Voynov et al. 2021] .856 .453 .549 .878 .498 .608 .899 .672 .782
E-BigBiGAN [Voynov et al. 2021] .860 .464 .563 .882 .511 .624 .906 .684 .797
Melas-Kyriazi et al. [Melas-Kyriazi et al. 2022c] .883 .509 - .893 .528 - .915 .713 -
LOST [Siméoni et al. 2021] .797 .410 .473 .871 .518 .611 .895 .654 .758
LOST [Siméoni et al. 2021] + BS .818 .489 .578 .887 .572 .697 .916 .723 .837
TokenCut [Wang et al. 2022b] .880 .533 .600 .903 .576 .672 .918 .712 .803
TokenCut [Wang et al. 2022b] + BS .897 .618 .697 .914 .624 .755 .934 .772 .874
pseudo-masks (Ours) .811 .403 - .845 .466 - .893 .646 -
SelfMask (Ours) .901 .582 .680 .923 .626 .750 .944 .781 .889
SelfMask (Ours) + BS .919 .655 .852 .933 .660 .882 .955 .818 .956

Table 6.5: Comparison to state-of-the-art unsupervised saliency detec-
tion methods on three salient object detection benchmarks. For all met-
rics, higher number indicates better results. The best score per column is high-
lighted in bold. BS denotes the application of the bilateral solver [Barron and
Poole 2016] for post-processing. We observe that SelfMask yields improved per-
formance over prior state-of-the-art approaches across all benchmarks.

for picking the best salient mask.

6.4.5 Broader impact

This work contributes a new framework to deliver performant unsupervised salient

object detection. As such, it o�ers the potential to underpin a range of soci-

etally beneficial applications that are bottlenecked by annotation costs. These

include improved low-cost medical image segmentation, crop measurement from

aerial imagery, and wildlife monitoring. However, low-cost segmentation is a pow-

erful dual-use technology, and we caution against its deployment as a tool for

unlawful surveillance and oppression.

6.5 Conclusion

In this work, we address the challenging problem of unsupervised salient object

detection (SOD). For this, we first observe that self-supervised features exhibit sig-

nificantly greater object segmentation potential with spectral clustering than with

137



Chapter 6. Unsupervised Salient Object Detection with Spectral Cluster Voting

k-means. Inspired by this observation, we extract foreground regions among mul-

tiple masks generated with multiple types of features, and varying cluster numbers

based on winner-takes-all voting. By using the selected masks as pseudo-masks,

we train a saliency detection network and show promising results compared to

previous unsupervised methods on various SOD benchmarks.
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Abstract

Unsupervised instance segmentation aims to segment distinct object in-

stances in an image without relying on human-labelled data. This field

has recently seen significant advancements, partly due to the strong lo-

cal correspondences a�orded by rich visual feature representations from

self-supervised models (e.g., DINO). Recent state-of-the-art approaches use

self-supervised features to represent images as graphs and solve a gener-

alised eigenvalue system (i.e., normalised-cut) to generate foreground masks.

While e�ective, this strategy is limited by its attendant computational de-

mands, leading to slow inference speeds. In this paper, we propose Prompt

and Merge (ProMerge), which leverages self-supervised visual features to ob-

tain initial groupings of patches and applies a strategic merging to these seg-

ments, aided by a sophisticated background-based mask pruning technique.
*Equal contribution
BCorrespondence to: gyungin@robots.ox.ac.uk
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Figure 7.1: Qualitative examples of ProMerge, a simple yet e�ective
training-free approach for unsupervised instance segmentation. Despite
its simplicity, it demonstrates strong segmentation performance.

ProMerge not only yields competitive results but also o�ers a significant re-

duction in inference time compared to state-of-the-art normalised-cut-based

approaches. Furthermore, when training an object detector using our mask

predictions as pseudo-labels, the resulting detector surpasses the current

leading unsupervised model on various challenging instance segmentation

benchmarks.

7.1 Introduction

Instance segmentation identifies and delineates each distinct object within an im-

age, providing both its class and precise pixel-wise location. This capability is

crucial for a wide range of applications, from autonomous driving systems [Cordts

et al. 2016] that must navigate complex environments to medical imaging tech-

nologies that require accurate tumor segmentation [Bilic et al. 2019; He et al.

2023]. However, the cost of manually annotating dense masks for training data

is prohibitively high, especially for domains such as medical imaging that require

deep expertise.

To overcome the challenges with dense annotations, multiple endeavours have

attempted to tackle category-agnostic instance segmentation in an unsupervised

manner,1 among which normalised-cut-based approaches [Wang et al. 2022b; Wang
1In this paper, we consider the class-agnostic setting following the prior works [Wang et al.
2022b; Wang et al. 2023b] on unsupervised instance segmentation.

141



Chapter 7. ProMerge: Prompt and Merge for Unsupervised Instance Segmentation

et al. 2023b] have recently shown promise. These methods partition a graph repre-

sentation of an image encoded in feature space into similar parts and solve a gener-

alised eigenvalue system, specifically through spectral clustering with normalised-

cut [Shi and Malik 2000]. Notably, the recently introduced MaskCut method

[Wang et al. 2023b], which iteratively employs the TokenCut algorithm [Wang et

al. 2022b] on a single image multiple times to generate numerous instance masks,

demonstrates state-of-the-art performance. However, repeatedly solving this gen-

eralised eigenvalue problem incurs significant computational demands that delay

the per-image inference time. Furthermore, its reliance on a fixed criterion to de-

termine the number of segmentation masks per image (with MaskCut using three)

may not capture the complete taxonomy of objects in dense, intricate scenes.

In our paper, we propose a simple yet e�ective framework called ProMerge,

which sidesteps the aforementioned limitations. We start with generating initial

masks of locally grouped patches by point-prompting self-supervised visual features

(e.g., DINO [Caron et al. 2021]). The initial masks, generated through comput-

ing the a�nity between individual local patches and global patches, constitute a

large set of mask proposals covering di�erent parts of a given image. Following

this mask generation process, we iteratively merge these local masks based both

on their pixel overlap and their similarity in feature space. The e�ectiveness of

ProMerge is demonstrated through its faster inference speed (about 3.6 times) and

competitive performance compared to existing training-free2 unsupervised meth-

ods on six benchmarks, including the densely annotated LVIS [Gupta et al. 2019]

and SA-1B [Kirillov et al. 2023] datasets. Moreover, by training an object detector

(i.e., Cascade Mask R-CNN [Cai and Vasconcelos 2018]) with the mask predic-

tions by ProMerge as pseudo-labels, we show that our framework outperforms the

current leading unsupervised model (i.e., CutLER [Wang et al. 2023b]).

Our contributions are three-fold: (i) We propose the ProMerge framework,

composed of an initial mask generation step using point-prompted self-supervised
2Here, training-free is defined as not requiring training for segmentation.
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visual features, an iterative mask merging that considers similarities in pixel and

feature spaces, and a sophisticated mask pruning strategy; (ii) We compare the

competitive performance of our approach to the popular normalised-cut-based

methods on six standard instance segmentation benchmarks, including COCO2017

[Lin et al. 2014], COCO-20K [Vo et al. 2020], LVIS [Gupta et al. 2019], KITTI

[Geiger et al. 2012], and subsets of Objects365 [Shao et al. 2019] and SA-1B [Kir-

illov et al. 2023]; and (iii) When training a class-agnostic object detector using the

predictions by ProMerge as pseudo-labels, we show the resulting detector outper-

forms the leading unsupervised detector on the above datasets.

7.2 Related work

Our work is connected to three themes in the literature, including self-supervised

visual representation learning, unsupervised single object detection/segmentation

and unsupervised instance segmentation.

7.2.1 Self-supervised visual representation learning

Self-supervised learning in computer vision has advanced significantly by adopting

the principle of learning from the intrinsic structure of data, drawing inspiration

from how language models such as GPT [Brown et al. 2020] and BERT [Devlin et

al. 2019] achieve semantic understanding from text. One strategy in self-supervised

learning involves leveraging pretext tasks, such as those employed by Masked Au-

toencoders [He et al. 2021], wherein models learn by predicting the obscured parts

of an image. Another set of strategies, embodied by SwAV [Caron et al. 2020],

MoCo [He et al. 2020; Chen et al. 2020; Chen et al. 2021], and DINO [Caron

et al. 2021; Oquab et al. 2023; Darcet et al. 2023], uses data augmentations to

generate varied perspectives of images and aligns feature representations of these

perspectives. Among these self-supervised paradigms for training encoders, DINO

in particular encodes detailed segmentation information, a capability diminished
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in models trained with supervised labels [Caron et al. 2021; Shin et al. 2022a].

In this work, by leveraging DINO’s inherent grouping ability, we propose a simple

yet e�ective approach to instance segmentation without explicit labels.

7.2.2 Unsupervised single object detection and segmentation

Unsupervised object detection and segmentation aim to localise a single, domi-

nant object in an image in an unsupervised manner with a bounding box or a

segmentation mask, respectively.

LOST [Siméoni et al. 2021] extracts features from a self-supervised network

and isolates the foreground by first identifying the seed patch with the lowest

count of positive correlations with other patches. A seed expansion strategy is

then used to include additional patches that correlate positively with the original

seed patches.

Another line of work uses normalised-cut-based methods [Wang et al. 2022b;

Melas-Kyriazi et al. 2022a; Shin et al. 2022a] to distinguish the foreground from the

background. This class of methods uses the eigendecomposition of the Laplacian

matrix derived from a feature a�nity matrix constructed with self-supervised fea-

tures. The resulting eigenvectors, processed with traditional clustering or thresh-

olding methods, can be translated into meaningful segmentations in pixel space.

This process facilitates the identification of coherent regions, enabling the sep-

aration of primary image elements from the background. While these prior works

serve as foundational methods for unsupervised multi-object localisation and seg-

mentation, they primarily focus on segmenting or identifying the location of a sin-

gle salient object, limiting their generalisability and performance on multi-object

localisation tasks.
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7.2.3 Unsupervised instance segmentation

Unsupervised instance segmentation aims to identify multiple objects in an image

without human labels, introducing a more complex challenge than the aforemen-

tioned single object detection and segmentation. An early attempt [Van Gansbeke

et al. 2022] generates a single salient mask per image, and trains the Mask R-CNN

detector [He et al. 2017] using the generated masks as pseudo-labels. However, the

single mask generation approach does not provide su�cient mask instances per

image, resulting in suboptimal detection performance.

Recent approaches [Wang et al. 2022b; Wang et al. 2023b], on the other hand,

propose methods for generating multiple instance masks per image, that are used

to train a general object detector. MaskCut [Wang et al. 2023b] has demonstrated

promising outcomes by iteratively applying a normalised-cut-based single object

segmentation technique (i.e., TokenCut [Wang et al. 2022b]) to images and train-

ing a robust object detector with pseudo-labels generated through the MaskCut

algorithm. Despite its e�ectiveness, MaskCut uses repeated eigenvalue system

resolutions for the normalised cut, incurring significant computational demands.

Additionally, MaskCut limits itself to three segmentations per image. In contrast,

ProMerge eschews computationally intensive eigenvalue calculations in favour of

using raw feature a�nities and does not impose a restriction on the number of

segmentations per image. By doing so, it o�ers a more computationally e�cient

alternative for the instance segmentation task while achieving higher precision and

recall.

7.3 Method

In this section, we first describe the problem scenario (Section 7.3.1) and introduce

ProMerge, a simple yet e�ective prompt-and-merge method to tackle unsupervised

instance segmentation (Section 7.3.2). We then describe a background-based mask

pruning strategy to extract foreground masks from a set of prompted masks that
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Figure 7.2: An overview of ProMerge. Given an input image, we obtain
initial mask proposals by prompting visual features from an image encoder using
a 2D point grid. Then, the noisy proposals are filtered through the proposed
background-based mask pruning. The final predictions are made by iteratively
merging the remaining foreground masks.

increases the e�ectiveness of prompting and merging (Section 7.3.3). We finally

describe a pseudo-label training scheme in which an object detector is trained with

pseudo-labels generated by ProMerge (Section 7.3.4).

7.3.1 Problem formulation

We address the challenging task of instance segmentation in an unsupervised

manner. Given an image I œ R3◊H◊W , where H and W denote the height

and width of the image, we aim to produce a set of N instance binary masks

M = {Ml œ {0, 1}H◊W |l = 1, ..., N} without relying on any human-labelled data.

7.3.2 ProMerge: Prompt and Merge

Point-prompting visual features. Our approach begins with generating

preliminary mask proposals. We use visual features, denoted as F = {fij œ Rc|i =

1, ..., h, j = 1, ..., w}, that are obtained by feeding an image into an image encoder

(e.g., patch tokens for Vision Transformers (ViT) [Dosovitskiy et al. 2021]). Here,

c, h, and w represent the channel, height, and width dimensions of the features.

To generate initial masks from the visual features (i.e., patch tokens), we consider

the technique of point-prompting, wherein a 2D grid of K equally spaced patch

tokens is selected as seeds for mask generation. This subset of the selected tokens

P = {pl œ Rc|l = 1, ..., K}, which we call the set of prompt tokens, is individually

compared with all of the patch tokens in the image. By comparing each prompt
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token in a one-to-all manner via a similarity measure, we generate an a�nity

matrix Al œ [≠1, 1]h◊w for each prompt token pl. In this paper, we use key features

from the last attention layer of a self-supervised image encoder (i.e., DINO) as

patch tokens [Wang et al. 2023b] and compute the cosine similarity between them.

That is,

Al = (Al;ij) = pl · fij

||pl||2||fij||2
(7.1)

where ||.||2 denotes L2 norm. We then apply a bipartition threshold, ·b, to the

a�nity matrix to obtain a binary mask Ml.

Merging prompted masks. Given the prompted masks above, we consider an

iterative clustering method, wherein masks, sorted by area in descending order, are

sequentially merged with a set of larger masks processed at the previous iterations.

The processed masks serve as bases for merging smaller masks that are introduced

in later iterations.

In comparing a new, smaller mask with a previously processed, larger mask, we

consider two straightforward conditions. First, we use the Intersection-over-Area

(IoA) metric to determine if the smaller mask should be merged with the larger

mask. If the ratio of the intersection area between two masks to the area of the

smaller mask exceeds a certain threshold, denoted as ·
merge
IoA , the smaller mask is

combined with the larger. We choose IoA over the more conventional Intersection-

over-Union (IoU) due to IoU’s diminished e�ectiveness in cases where a large mask

merges with a significantly smaller one, such as when combining an object’s main

body with an appendage. Note that the IoA criterion alone is insu�cient, as

it prevents merging two masks unless they exhibit substantial overlap in pixel

space. To allow for merging semantically similar masks with a small overlap, we

consider the second condition based on feature similarity. Given a pair of masks, we

compute the cosine similarity between their average patch embeddings and merge

them if the feature similarity is over a threshold ·
merge
f

. If a new mask meets

at least one of the merging conditions with more than one previously processed

mask, the new mask and all compatible masks are merged together. Conversely, if
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it does not satisfy a merge condition with any of the previously processed masks,

it remains unchanged. This mask will then be compared with subsequent masks

in later iterations for potential merging.

In summary, through our merge algorithm, we start with disparate, potentially

overlapping masks, and end up with semantically-related mask groupings.

7.3.3 Background-based mask pruning

While the prompt-and-merge framework thus far is intuitive, we observe that it

su�ers from poor performance in isolation, due to the noisy background masks

among the prompted masks. We introduce a mask pruning strategy based on

background prediction between the prompting and merging steps. We rely on

a two-step process that (i) groups the initial K masks into the foreground or

background, and aggregates the background masks via pixel-wise voting to produce

a single, fine background mask for the image and (ii) uses the predicted background

mask to filter out noisy foreground masks from the initial mask proposals. Each

step in the mask pruning strategy is detailed below.

Background aggregation. Recall that after prompting the visual features with

K equally spaced points in a 2D grid, we obtain K binary masks. We then classify

each of the masks as either a foreground or background candidate. We employ a

simple heuristic: a background mask is likely to contain a majority of pixels along

the edge for at least two of the edges of the image. Specifically, we consider a mask

as background if more than one of its sides contains a number of positive pixels

that exceeds half the length of that side. Then, we create a single representative

background mask for the image by applying a pixel-wise voting scheme to the

background candidates. Formally, given the set of background candidate masks

B = {Mbg
l

}, a pixel value at (i, j) of the aggregated background mask M̃
bg
ij

is

determined with:
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Figure 7.3: Qualitative examples of the pixel-wise voting. For each case,
an original image, background candidate masks (only three masks are shown for
visual purposes), and the voted mask are visualised. The voted background mask,
M̃

bg e�ectively filters out the background, leaving only foreground regions despite
the noisy candidate masks.

M̃
bg
ij

=
S

U
q|B|

l=1 M
bg
l;ij

|B| > 0.5
T

V (7.2)

where the [.] operator is the indicator function, which returns 1 if the condition

within the operator is satisfied, and 0 otherwise. The condition in the operator

checks whether over the half of the background candidate masks have a value of 1

at (i, j). As such, we obtain a single representative background mask per image,

represented by M̃bg œ {0, 1}h◊w. Some visual examples are shown in Fig. 7.3.

Foreground filtering. With the background mask M̃bg, we exclude prompted

masks that are more likely to belong to the background before the merge process.

For this filtering step, we consider three separate approaches: (i) intersection-based

(ii) similarity-based filtering and (iii) the proposed Cascade filtering.

For intersection-based filtering, we use a simple prior that any foreground masks

considered for the following merge process should not significantly intersect with

the voted background M̃bg. Similarly to Section 7.3.2, we use IoA, as we want the

metric to be invariant to the size disparity between a candidate foreground mask

and M̃bg. If the intersection of a foreground mask and M̃bg divided by the area of

the mask is greater than ·
bg
IoA, we regard the mask as belonging to the background
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Figure 7.4: An illustration of the proposed Cascade mask filtering pro-
cess. For each iteration of the proposed method, we evaluate the newly proposed
mask by focusing on the pixels that have not yet been covered by the cumulative
foreground mask, which is an aggregation of pixels from mask proposals in preced-
ing iterations. If these previously unseen pixels demonstrate a significant overlap
with the background mask, quantified by the Intersection-over-Area (IoA) metric,
the mask proposal for that iteration is subsequently disregarded. An example of
this can be observed in the fourth iteration (rightmost), in which the mask pro-
posal is eliminated due to its high IoA with the background mask. Note that in
the figure, the feature similarity condition is not shown for visual clarity. See the
text for details.

and exclude it in the merging process.

For similarity-based filtering, we prune masks with a high similarity with the

background mask in feature space. We again compute the mean patch embeddings

for the candidate foreground mask and M̃bg, before calculating their normalised

cosine similarity. If the similarity value is over a threshold, we exclude the mask

from the merging process.

In the proposed Cascade filtering approach (shown in Fig. 7.4), we initially

sort the prompted masks in ascending order based on their area. We then pro-

ceed through these masks sequentially, maintaining a cumulative ledger of pixels

already incorporated into previous masks. At each step, we identify pixels in the

current mask that have not yet been considered in a prior mask. We then calcu-
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late the IoA between these ‘new’ pixels and M̃bg. We also compute the feature

similarity between the current mask and M̃bg in a manner similar to the aforemen-

tioned similarity-based filtering. If either of these measures with M̃bg exceeds their

respective thresholds, the mask is excluded from the subsequent merge process.

7.3.4 ProMerge+: Training an object detector with pseudo-labels

from ProMerge

Following [Wang et al. 2023b], we train an object detector on ProMerge predic-

tions generated from inference on images in a large-scale image dataset (i.e., Im-

ageNet2012 [Deng et al. 2009]). The purpose of this pseudo-label training is two-

fold: firstly, to obtain an object detector with better performance by learning from

the noisy pseudo-labels; and secondly, to assess the detector’s ability to generalize

across di�erent data distributions by training on images from one dataset (e.g.,

ImageNet2012) and evaluating on another (e.g., SA-1B [Kirillov et al. 2023]). The

trained detector, ProMerge+, surpasses performance and zero-shot transfer capa-

bilities of the current leading model.

7.4 Experiments

In this section, we first provide implementation details (Section 7.4.1) and compare

our method with the state-of-the-art-methods (Section 7.4.2). Then, we provide

extensive ablation study to analyse our approach (Section 7.4.3).

7.4.1 Implementation details

Our implementation is based on the PyTorch [Paszke et al. 2019] and Detec-

tron2 [Wu et al. 2019] libraries, and A100 GPUs are used for our experiments

unless otherwise stated.

Datasets. We evaluate our ProMerge on six benchmarks including COCO2017 [Lin
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et al. 2014], COCO-20K [Vo et al. 2020], LVIS [Gupta et al. 2019], KITTI [Geiger

et al. 2012], subsets of Objects365 [Shao et al. 2019] and SA-1B [Kirillov et al. 2023]

(44K and 11K images, respectively). Among these, SA-1B is the most challeng-

ing benchmark due to the densely-annotated fine-grained masks, with an average

of 101 segmentation masks per image. To train ProMerge+, we use unlabelled

ImageNet2012 training images [Deng et al. 2009] (1.2M images) and evaluate the

resulting model on the six benchmarks in a zero-shot manner (i.e., the model is

not trained with images sharing the same data distribution as evaluation data).

For the ablation study, we use COCO2017 following [Wang et al. 2023b].

Evaluation metrics. We evaluate our methods based on average precision (AP)

and recall (AR), the standard metrics for the instance segmentation task.

Inference of ProMerge. We follow the previous work [Wang et al. 2023b] for

our inference setting. Specifically, we use DINO [Caron et al. 2021] with the

ViT-B/8 architecture [Dosovitskiy et al. 2021] as an image encoder and input

images are resized to 480◊480 pixels before being fed into the encoder. We apply

Conditional Random Field (CRF) [Krähenbühl and Koltun 2011b] to an output

mask for post-processing. Additionally, we split connected components of initial

masks before merging, which we find beneficial in terms of both AP and AR (shown

in Section 7.4.3).

Pseudo-label training. When we train an object detector with pseudo-masks

generated by ProMerge, we use the Cascade Mask R-CNN model [Cai and Vas-

concelos 2018] with the ResNet50 backbone [He et al. 2016] initialised with DINO

features [Caron et al. 2021]. We train the detector for 160K iterations using the

SGD optimizer with a batch size of 16, a momentum of 0.9, and a learning rate of

0.005, which is decreased by a factor of 5 during training.
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COCO2017 COCO-20K LVIS KITTI Objects365† SA-1B Average
method APmkARmk

100APmkARmk
100APmkARmk

100APmkARmk
100APbb ARbb

100 APmkARmk
100 APAR100

Training-free methods
TokenCut [Wang et al. 2022b] 2.0 4.4 2.7 4.6 0.9 1.8 0.3 1.5 1.1 2.1 1.0 0.3 1.3 2.5
MaskCut [Wang et al. 2023b] 2.2 6.9 3.0 6.7 0.9 2.6 0.2 2.2 1.7 4.0 0.8 0.6 1.5 3.5
ProMerge 2.4 7.5 3.0 7.4 1.3 3.3 0.3 1.9 2.2 6.0 1.2 0.8 1.7 4.5
Models trained with pseudo-labels
CutLER‡ [Wang et al. 2023b] 8.7 24.9 8.9 25.1 3.4 16.6 3.9 23.3 11.5 34.3 5.5 13.5 7.0 22.9
ProMerge+ 8.9 25.1 9.0 25.3 4.0 17.7 5.4 25.7 12.2 35.8 7.8 16.3 7.9 24.3

Table 7.1: Comparison between training-free methods (top) and models
trained with pseudo-labels (bottom). CutLER and ProMerge+ are trained
with pseudo-labels generated by MaskCut and ProMerge, respectively. †Only
ground-truth bbox annotations available. ‡Re-implemented with a single round
of training for a fair comparison.

method FPS
TokenCut [Wang et al. 2022b] 0.34
MaskCut [Wang et al. 2023b] 0.15
ProMerge 0.54

Table 7.2: Speed comparison.
Our method is approximately 3.6
times faster in FPS compared to
MaskCut.
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Figure 7.5: APmk vs inference time
on COCO2017. K denotes the number
of prompt tokens. MaskCut uses t=3 by
default in the original paper.

7.4.2 Main results

In this section, we compare our methods to the state-of-the-art methods with both

standard evaluation metrics and inference speed.

Comparison to state-of-the-art methods. We first compare ProMerge to

training-free methods including TokenCut [Wang et al. 2022b] and MaskCut [Wang

et al. 2023b] algorithms. In Table 7.1 (top), ProMerge demonstrates superior

performance in both average precision (AP) and average recall (AR100) compared

to the existing methods. The overall higher recall of ProMerge is attributed to its

flexibility in not requiring a predetermined number of masks per image. Qualitative

results of each method can be found in the supplementary.

We next compare ProMerge+, a class-agnostic object detector trained with

the predictions of ProMerge on ImageNet as pseudo-labels, to the state-of-the-art

model (i.e., CutLER [Wang et al. 2023b]). As can be seen in Table 7.1 (bottom),
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ProMerge+ outperforms CutLER [Wang et al. 2023b] by 0.9 and 1.4 in AP and

AR100, respectively, on average. Note that we use the same detector architecture

(i.e., Cascade Mask R-CNN [Cai and Vasconcelos 2018]) and the training recipe

as CutLER. The sole di�erence is that CutLER is trained with predictions from

MaskCut and ProMerge+ is trained with ones from ProMerge. These results

demonstrate the e�ectiveness of using our higher quality pseudo-labels for training

an object detector.

Speed comparison. Unlike the state-of-the-art training-free methods that de-

pend on solving the computationally intensive normalised-cut algorithm, our method

avoids this complexity, enabling faster inference. To demonstrate this, we compare

the inference speed of our method with that of normalised-cut-based methods in

terms of Frames Per Second (FPS). In detail, we measure the timing for each of

TokenCut, MaskCut, and ProMerge across 200 images, using the first 100 images

as a warm-up phase to ensure accurate measurements.3 As shown in Table 7.2,

ProMerge runs at 0.54 FPS, which is about 1.6 and 3.6 times faster than TokenCut

and MaskCut, respectively. In addition, we compare the speed di�erential between

ProMerge and MaskCut under various inference configurations. For MaskCut, we

adjust the number of repetitions (t) for solving the eigenvalue problem, which sig-

nificantly impacts its runtime. For our method, we vary the number of prompt

tokens (K). As can be seen in Fig. 7.5, ProMerge provides a more advantageous

trade-o� between inference speed and performance in APmk compared to MaskCut.

It achieves higher APmk values when K exceeds 100, while also being significantly

faster—approximately 4.9 times faster at K = 100.

7.4.3 Ablation study

Here, we conduct an extensive ablation study to analyse the e�ect of each com-

ponent in ProMerge. Specifically, we explore the e�ects of pixel-wise voting for
3We use a single RTX 3080 GPU and a 12th Gen Intel(R) Core(TM) i7-12700K chipset for this
experiment.
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Prompting Merging Mask Pruning CC Splitting APmk
50 APmk ARmk

100
X 7 7 7 0.8 0.5 1.6
X X 7 7 0.6 0.4 1.0
X X X 7 4.4 2.1 4.7
X X X X 5.6 2.4 7.5

Table 7.3: E�ect of individual components. A naive prompting and merging
approach su�ers poor performance, while applying the proposed background-based
mask pruning (Mask Pruning) allows for a notable increase in performance, which
is further enhanced by connected component splitting (CC Splitting).

background aggregation, foreground filtering methods, di�erent merging condi-

tions, and varied hyperparameter choices.

E�ect of each component. We identify major components that a�ect the per-

formance of our approach: (i) prompting and merging; (ii) background-based mask

pruning (denoted as Mask Pruning); and (iii) connected component splitting (de-

noted as CC Splitting). In Table 7.3, we show the influence of each component.

Notably, a naive approach that relies solely on prompting and merging su�ers

from poor performance, with 0.4 APmk and 1.0 ARmk
100, which are worse than

a prompting-only approach. However, adding background-based mask pruning

greatly boosts both APmk and ARmk
100 by 1.7% and 3.7%. CC-splitting further in-

creases APmk by 0.3% and ARmk
100 by 2.8%. These results demonstrate that though

the core of prompt-and-merge is straightforward, the competitive performance

of our approach is facilitated by incorporating sophisticated components such as

background mask pruning.

E�ect of pixel-wise voting. In the background-based mask pruning process,

we use a pixel-wise voting strategy to aggregate background candidate masks to

produce a single, representative background mask for a given image. We consider

the case where we substitute voting with a simpler non-voting mechanism, and

compare it with the voting based mechanism in ProMerge. In the non-voting ex-

periment, we sum up all background candidate masks. If a pixel at location (i, j)

has at least one mask with a value of one (i.e., positive pixel), it is regarded as a

background pixel. As highlighted in Table 7.4a, voting leads to a significant en-
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votingAPbb
50 APbbARbb

100 APmk
50 APmkARmk

100
7 4.1 1.6 5.0 3.2 1.2 4.2
X 6.0 3.0 8.6 5.6 2.4 7.5

(a) E�ect of voting

filter. methodAPbb
50 APbbARbb

100 APmk
50 APmkARmk

100
IoA 4.7 2.1 6.8 4.0 1.7 5.8
feat. 5.0 2.3 5.9 4.6 2.0 5.2

Cascade 6.0 3.0 8.6 5.6 2.4 7.5

(b) Impact of filtering criteria

Table 7.4: Influence of the voting strategy and filtering conditions. (Left)
We note that using the proposed pixel-wise voting for obtaining a representative
background mask allows for a notable gain in performance. (Right) Compar-
ing the Intersection-over-Area-based filtering (denoted as IoA) and the feature
similarity-based filtering (denoted as feat.), the former demonstrates higher recall,
whereas the latter excels in precision. Our proposed Cascade filtering outperforms
both in all evaluated metrics, showcasing its e�ectiveness.

hancement in both average precision and recall. In the absence of pixel-wise voting,

the aggregated background often encompasses not only the actual background but

also parts of the foreground in the image, which detracts from the overall perfor-

mance. Conversely, the application of the voting strategy more accurately isolates

the background region.

E�ect of foreground filtering method. Given the background mask obtained

from the pixel-wise voting above, we filter prompted masks based on the back-

ground mask as described in Section 7.3.3. Here, we compare three di�erent

methods including (i) IoA-based, (ii) feature-similarity-based, and (iii) our pro-

posed Cascade filtering strategies. For the IoA-based filtering, we discard a mask

proposal if it has an IoA with the background mask exceeding 0.5, meaning more

than half of the proposal’s pixels are part of the background. In the feature-

similarity-based approach, we classify a proposal as background if the cosine simi-

larity between the normalised mean embeddings of the candidate foreground mask

and the background exceeds 0, implying that the proposal’s embedding closely

aligns with that of the background.

From Table 7.4b, we make the following key observations. First, IoA-based

filtering, demonstrates higher recall but lags in precision compared with similarity-

based filtering. This discrepancy can be attributed to the latter’s tendency to filter

out more masks, irrespective of their degree of area overlap with the background,
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feat. IoA APbb
50 APbb ARbb

100 APmk
50 APmk ARmk

100
7 X 5.3 2.3 7.9 4.4 1.9 6.9
X 7 5.8 2.7 8.4 4.9 2.2 7.2
X X 6.0 3.0 8.6 5.6 2.4 7.5

Table 7.5: E�ect of merging conditions. Considering both feature similarity
(denoted as feat.) and intersection-over-area (denoted as IoA) for merging a pair
of masks yields further gain.

which in turn a�ects recall. Second, our proposed Cascade filtering emerges as

the superior method. Its e�ectiveness stems from retaining smaller object masks

while filtering larger masks that might incorrectly merge these smaller ones (in the

following merge step). In other words, as Cascade filtering focuses specifically on

the new, unseen pixels (and their respective relationships with the background),

it lifts precision and recall by preventing the amalgamation of smaller entities into

a larger, encompassing mask during mask merging.

E�ect of merging conditions. In the merging process, we consider two di�erent

conditions for merging: (i) Intersection-over-Area (denoted as IoA) and (ii) feature

similarity (denoted as feat.) between two masks. As shown in Table 7.5, we

observe that the feature similarity condition plays a more significant role than the

IoA condition when used separately. However, allowing both conditions leads to

the best performance, indicating that they are complementary conditions.

Hyperparameter analysis. Lastly, we conduct experiments to explore the im-

pact of various hyperparameters, including grid size, bipartition threshold for ob-

taining initial masks (·b), and feature similarity threshold for merging (·merge
f

). We

refer to the grid size parameter as ‘stride’, where the stride is inversely propor-

tional to the grid size. For instance, with a stride of 2 and a spatial dimension of

60◊60 of DINO feature embeddings, the grid size is reduced to 30◊30, resulting

in 900 initial prompted masks (i.e., K = 900). Conversely, a stride of 30 results in

a grid size of 2◊2, yielding only 4 initial prompted masks (i.e., K = 4).

In Fig. 7.6a, we present the performance of ProMerge using strides of {2, 4, 6,

8, 10, 15, 30}. The stride significantly influences performance, with a stride of 4

yielding the best results, while larger strides such as 15 and 30 lead to diminished
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Figure 7.6: Hyperparameter analysis. We note that stride (i.e., the Euclidean
distance between two nearest point prompts in a grid), bipartition threshold (·b) for
binarising prompted masks, and feature similarity threshold (·merge

f
) for merging

masks play important roles in our approach. The default setting uses stride=4,
·b=0.2, and ·

merge
f

=0.1, respectively. Best viewed in colour.

performance. This decline is attributed to the reduced number of masks generated

at higher stride values.

We next examine the performance variation associated with di�erent values

of the bipartition threshold ·b, which is employed to binarise initial soft masks

derived from prompting. A lower ·b results in prompted masks having a larger

area, while a higher ·b leads to smaller mask areas. As illustrated in Fig. 7.6b,

optimal average precision and recall are achieved between 0.1 and 0.3, with the

highest precision at ·b = 0.1 and the highest recall at ·b = 0.3. Performance in

both metrics declines as ·b increases, suggesting that ProMerge benefits more from

larger initial masks. Consequently, we set ·b to 0.2 for all our experiments.

We also investigate the impact of the feature similarity threshold ·
merge
f

, which

determines whether two masks should be merged. A lower ·
merge
f

value leads

to the merging of mask pairs even with minimal similarity, while a higher value

requires a high degree of similarity for merging. Fig. 7.6c demonstrates that our

method’s performance significantly varies with ·
merge
f

values between 0.0 and 0.3,

but levels o� at higher values. This plateau suggests that beyond a ·
merge
f

of 0.3,

few mask pairs meet the merging criterion, thereby minimally impacting the overall

performance metrics. Consequently, we opt for a ·
merge
f

= 0.1 in our experiments.
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7.5 Discussion

We observe that a simple approach of prompting and merging masks is competi-

tive with computationally intensive normalised-cut-based approaches [Wang et al.

2022b; Wang et al. 2023b]. We primarily attribute the success of ProMerge to two

properties: (i) unlike in [Wang et al. 2022b; Wang et al. 2023b], we do not assume

a fixed number of mask predictions per image and allow the algorithm to flexibly

make predictions, which we find particularly helpful when multiple objects are

present in a given image; (ii) we use the proposed sophisticated background-based

filtering method, which excludes masks that overlap with the background of an

image.

ProMerge shows promise but still has room to improve compared to fully-

supervised methods, such as SAM [Kirillov et al. 2023]. We believe that the gap

partly results from utilizing self-supervised features that are not trained with a

pretext task driven by object localisation or segmentation. Training and adopting

self-supervised features specifically tailored for object localisation or segmentation

could significantly bridge this gap.

7.6 Conclusion

Our work introduces Prompt and Merge (ProMerge), a novel method to unsuper-

vised instance segmentation that capitalises on the strong local correspondences

a�orded by self-supervised visual features. By iteratively merging initial patch

groupings and employing a sophisticated background-based mask pruning tech-

nique, ProMerge achieves competitive performance with a significant reduction

in inference time compared to state-of-the-art normalised-cut-based methods on

standard benchmarks. Moreover, the application of our method in training an

object detector with pseudo-labels demonstrates superior performance, surpassing

the leading unsupervised segmentation model.
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Chapter 8

Discussion

Here, we first summarise the key works presented in this thesis (Section 8.1), and

suggest directions for future research (Section 8.2). We then conclude the thesis

(Section 8.3).

8.1 Summary

Point-level active learning. In Chapter 2, we present the paper, “All You

Need Are a Few Pixels: Semantic Segmentation with PixelPick,” where we in-

troduce a point-level active learning scheme for segmentation for the first time.

This method significantly reduces the number of annotations required to train a

performant segmenter by allowing the model to request labels only for uncertain

pixels. Interestingly, our observations include: (i) the pixels requested for labels

tend to lie near the boundaries of objects, revealing that boundary pixels are of

greater importance than the inner pixels; and (ii) only a handful of labels for

such pixels per image are necessary to train a segmenter nearly as e�ective as a

fully-supervised one.

Due to its label-e�cient nature, this work has subsequently been cited by

papers in various fields such as wildlife conservation [Bakana et al. 2024], mi-

croscopy [Hoshina et al. 2024], and skin lesion detection [Liang et al. 2023].

Retrieval-augmented segmentation. In Chapter 3, we introduce the paper,
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“ReCo: Retrieve and Co-segment for Zero-shot Transfer,” where we propose using

a pre-trained visual-language model to enable the categorisation of objects via its

image retrieval capability, without relying on manual supervision. This method

di�ers from conventional semantic segmentation approaches, which typically limit

the range of categories a segmenter can classify to those included in a training

dataset. Instead, our proposed method allows the model to generalise to as many

categories as the visual-language model can recognise. We further strengthen the

approach by replacing the co-segmentation module with a strong unsupervised

object segmenter (Chapter 4) and expand it for instance segmentation (Chapter 5).

We believe that as more advanced vision-language models are developed, these

methodologies will further enhance the capabilities of open-vocabulary segmenters.

Strong objectness cues o�ered by self-supervised features. In Part III, we

demonstrate that modern self-supervised features exhibit a significant potential

for grouping pixels by object, despite not being explicitly trained for segmentation

during the pre-training phase.

Specifically, in Chapter 6, we show that diverse self-supervised features exhibit

such an objectness nature, and thus an ensemble of the features can be e�ectively

used to produce a quality mask for a dominant object in an image. We further

introduce a network, termed SelfMask, which is trained with the masks produced

above as pseudo-labels. SelfMask has been widely adopted as a standard baseline

in subsequent studies on unsupervised saliency detection [Ravindran and Basu

2023; Li et al. 2023; Siméoni et al. 2023b; Zhang et al. 2024].

In Chapter 7, we take a step further and illustrate that self-supervised features

can facilitate unsupervised instance segmentation using a straightforward prompt-

and-merge technique. This approach contrasts with the conventional methods of

solving a generalised eigenvalue system with self-supervised features, which typi-

cally require complex and intensive computations [Wang et al. 2022b; Wang et al.

2023b].

We posit that these two methodologies will benefit greatly from leveraging
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self-supervised features that are explicitly trained for segmentation as a pretext

task.

8.2 Future work

In this thesis, we investigate various approaches to developing a robust segmenter,

with a primary focus on annotation e�ciency. Additionally, we briefly explore

potential directions for future research beyond this aspect.

Unification of segmentation and language. To acquire a segmenter capable

of functioning robustly in complex real-world scenarios (e.g., objects reflected in a

mirror or seen through a transparent medium), integrating common sense knowl-

edge/reasoning ability into a segmentation model using a large language model

(LLM) could be an e�ective solution. Indeed, with the emergence of large multi-

modal models (LMMs) [Liu et al. 2023; Peng et al. 2024], the idea of equipping

a segmentation model with a strong language ability o�ered by LLM has been

explored. This includes from generating a caption along with a predicted seg-

mentation mask [Wang et al. 2023a] to reasoning segmentation [Lai et al. 2023].

However, it is not straightforward how to e�ectively integrate a segmenter and an

LLM into a single model due to inherent discrepancies in their input and output

spaces—a segmenter requires visual inputs and outputs dense masks (i.e., pixel-

wise classification), whereas an LLM takes in and produces a series of texts. These

typically necessitate two distinct types of both encoders and decoders (i.e., image

and text encoders, and segmentation and text decoders). While some e�orts have

been made to unify either the input forms of images and texts by feeding text-

rendered images, instead of texts, to a vision-language model [Tschannen et al.

2023], or the output forms of segmentations and texts by predicting segmentations

as sets of polygon vertex tokens along with text tokens [Wang et al. 2023a], no

works have attempted to streamline the entire pipeline using a single network for

both segmentation and text generation. Exploring a streamlined, unified archi-
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tecture for both tasks will bring us closer to emulating the human visual system,

which operates on complex communications between visual stimuli and high-level

reasoning.

Leveraging di�erent low-level modalities. In Part III, we solely rely on RGB

values as inputs to group pixels constituting an object. While RGB values and

their spatial distributions in a 2D grid convey rich information about the entities

in an image, it also comes with noise—after all, what we want for a segmenter to

learn is the shapes of entities by learning invariance between an object’s pixels with

di�erent low-level features such as colour and texture. In this regard, a segmenter

can benefit from a processed modality such as optical flow [Choudhury et al. 2022;

Xie et al. 2022] and depth, both of which assign values smoothly vary within a

single entity, thus can provide a strong objectness signal to a segmenter.

Beyond region-based segmentation. The emergence of SAM [Kirillov et al.

2023] represents a significant milestone in region-based segmentation approaches [He

et al. 2017; Cheng et al. 2021b]. However, it also highlights a limitation of such

methods: they still require the input and output of high-resolution images (e.g.,

1024◊1024) to produce precise segmentation masks, which can be a bottleneck for

inference speed. As an alternative, exploring polygon-based [Castrejon et al. 2017;

Peng et al. 2020; Feng et al. 2024; Zhang et al. 2022] and point-based representa-

tions [Yang et al. 2020] for segmentation could help mitigate the limitation of the

region-based models.

8.3 Conclusion

In this thesis, we explore various approaches for e�cient weakly-supervised and

self-supervised learning for image segmentation. We hope these methodologies will

pave the way for liberating segmenters from manual supervision and enabling them

to surpass their fully-supervised counterparts. This will facilitate their application

across diverse fields at a low cost.
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