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Abstract
The visual world consists of discrete, meaningful objects, which humans effortlessly

perceive and segment without supervision. Emulating this ability on machines is a

fundamental problem in computer vision, offering a more cognitively plausible and

scalable alternative to supervised methods. In this thesis, we explore principled

methods to uncover visual objects without relying on dense mask annotations.

Firstly, we explore the principle of compositionality, which posits that scenes are

composed of discrete, reusable objects. Numerous methods based on this principle

exist, yet we note that they are limited to simplistic environments. We introduce a

series of new benchmark datasets to analyse whether the current methods can scale

to visually complex inputs. Most formulations do not handle the complexity of

scenes well, requiring simpler uniform appearances to produce a good segmentation.

Secondly, we explore the principle of common fate, which posits that entities that

move together should be grouped together. We design several loss functions that

connect mask predictions with estimates of scene motion to handle binary and

multi-object scenarios. Our proposed formulations can be applied to various existing

segmentation methods, complementing their learning principles with learning from

motion. We then consider the limitations of instantaneous motion and propose

incorporating long-term motion information using sparse point trajectories. To

enable this, we design a loss function that enforces the idea that trajectories within

an object should have much redundancy. Finally, we explore how existing structures

in language can be used to learn object segmentation without the need for any dense

mask annotations. We construct a method for open-vocabulary segmentation that

uses a pre-trained text-to-image diffusion model to connect language with visual

representations of objects. It avoids the need for any further training, showing how

text-to-image diffusion models are also powerful open-vocabulary segmentation

methods.
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CHAPTER 1. INTRODUCTION

Chapter 1

Introduction

While reading this line, it is effortless to distinguish the text from the background,

the page from its surroundings and even objects in the peripheral view. We perceive

the world not as an arrangement of retinal responses or a grid of pixel values but as

a composition of distinct, coherent objects. This intuitive segmentation—knowing

where one thing ends and another begins—is fundamental to seeing, reasoning,

and acting. As we endeavour to construct increasingly autonomous and intelligent

machines, it becomes essential to endow them with the same capability.

Computer vision has seen significant progress, enabling understanding of scene

layouts [V. S. Chen et al. 2019], linking images with language [Radford et al. 2021],

or even generating new imagery based on textual description [Ramesh et al. 2022]

or 3D scenes from a single image [Gao et al. 2025]. Segmentation, the task of

labelling each pixel with an object it belongs to, is crucial across diverse systems,

from medical imaging and wildlife monitoring to self-driving, robotics, and media

editing. Recently, powerful prompted segmentation models showing unprecedented

accuracy and generality have emerged [Kirillov et al. 2023; Zou et al. 2023; Ravi

et al. 2024]. This significant progress has been achieved thanks to the large amounts

of annotated data used to supervise the learning process.

Reliance on extensive supervision is in stark contrast to human cognition. We can

easily understand new visual concepts, extrapolate beyond situations encountered

in everyday life, and reason in high-level terms. Objects are fundamental to us,

often described as one of the core systems of knowledge [Spelke and Kinzler 2007].

Moreover, we receive little instruction or supervision to build our perception and
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understanding of the visual world, developing principles of object representation

with little experience [Spelke 1990].

In this thesis, we explore how one can learn to decompose the visual world, as

seen in images and videos, into objects without relying on mask annotations.

Data annotation, particularly for segmentation, is highly labour-intensive. For

example, annotating Cityscapes, with only 30 classes, required 1.5 man-hours

per image [Cordts et al. 2016; Shin et al. 2021]. Annotation can also introduce

biases [Wilson et al. 2019; Gustafson et al. 2023], and can contain errors and

inaccuracies [H. Zhang et al. 2020]. Furthermore, supervised models are constrained

by fixed ontologies defined by the annotated data. Unseen objects or novel categories

are not handled well, requiring careful outlier detection [Nayal et al. 2023]. Even a

promptable segmentation model trained on a billion masks [Kirillov et al. 2023]

shows limitations, especially with boundaries and fine structures [Osco et al. 2023],

suggesting that even more annotations are needed. Overall, annotation is onerous,

noisy, limiting, and even impractical when encountering entirely new objects or

continuously acquiring new data.

Learning to segment the world into discrete symbolic objects without annotations is

an essential area with high impact. It can alleviate data annotation issues and enable

higher-level object-centric reasoning in downstream applications. Object-level

reasoning, in turn, shows promise in learning physics-enabled world-models [Watters

et al. 2017; Van Steenkiste et al. 2018; Z. Wu et al. 2023], improving visual

reasoning [Deitke et al. 2024; J. Yang et al. 2023], enhancing RL agents [Watters

et al. 2019a; Zadaianchuk et al. 2023c], and offering robustness to distribution

shifts [Dittadi et al. 2022].

In this thesis, we explore the problem of segmenting objects without mask an-

notations through three sources of possible learning signals. First, we consider

appearance only and investigate compressing and reconstructing the scene from a

discrete set of vectors. Second, we combine appearance and motion, exploring how

to train visual segmentation networks using motion observations. Finally, we use

structure in natural language to help find and delineate objects in images.
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sofa & bed sofa cushion & mattress

Figure 1.1: Objects form hierarchies. Both a sofa and a bed are objects. One might
also call a sofa cushion or a mattress an object, but also they are part of the sofa
and the bed. The requisite granularity can depend on the task and situation.

1.1 What is an Object?

As this thesis centres around objects, it is important to consider what constitutes

an object. While objects’ precise definition and nature have been a subject of

intense ongoing debate in metaphysics—whether they exist independently of the

mind perceiving them or are inseparable from it—we remain agnostic to these

questions.

Here, an object is a visually perceivable entity: something a camera can record.

We further require that the objects have a discernible extent within the image or

frame. This property enables using segmentation to measure how well a model has

learned visual objects. Segmentation is often useful output by itself. If there is no

representation or encoding of each visual object in the scene, we can construct one

as we know which pixels belong to which object [Hénaff et al. 2021].

Rather than a metaphysical question of objecthood, a more pragmatic question is

that of hierarchical granularity. Consider a room shown in fig. 1.1 with the sofa

and the bed. Resting on top of these objects are a sofa cushion and a mattress.

Each is part of the sofa or bed, respectively, yet the cushion and the mattress

could be objects in their own right. A person might flip the cushion or adjust the

mattress—perceiving, reasoning and acting on them as separate objects. Objects

form hierarchies through part-whole relationships. Should systems consider all

potential hierarchy levels, i.e. both the sofa and the cushion in the example above?

This would be unnecessary for a house-moving robot. The move could be efficiently

planned by considering pieces of furniture as single objects—moving the sofa would
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also move the cushion. However, a cleaner robot might take extra care to steam

both sides of the cushions and the mattress. The granularity of what an object is

might be task, situation, or even context-dependent.

A straightforward solution exists in the supervised case: annotation masks are

provided at the required granularity, ensuring models are useful for intended tasks.

As annotations are often crowd-sourced, they tend to be intuitive and broadly

sensible. The annotations are both a learning signal and a definition of an object.

When annotations are unavailable, one must define a principle for grouping pixels

to form an optimisation objective; a learning signal is still required. In this thesis,

we reflect on the supervised case and consider that different principles for learning

objects will also somewhat define what those objects are. For example, using

interaction (e.g., lifting) biases learning towards manipulable entities, potentially

omitting others. Thus, a good learning signal should accommodate a wide range of

objects. As we evaluate whether objects are located and delineated based on ground

truth masks, disagreements between labelled objects and those found by the model

will also emerge. Thus, in this thesis, objects have two imperfect definitions. The

first is human-aligned but implicit—occasionally revealed only through example

annotations when evaluating. It reflects shared intuition but is never fully specified

nor widely available. The second arises from the learning signal itself. The goal is

to find and implement principles for learning to segment objects such that the gap

is minimal.

1.2 Literature Review and Key Ideas

We now explore different sources of learning signals for segmenting objects. We first

explain different segmentation paradigms. We then review the relevant literature

and explore the key ideas. We highlight several principles for learning to segment

objects. We note that the principles are not rules but useful heuristics that facilitate

segmentation.

Segmentation paradigms. Several formulations of the segmentation paradigm

exist. At the simpler end, one can consider binary segmentation, often phrased

as saliency prediction or foreground-background segmentation. Here, one seeks to

find a main subject or subjects captured in the image that is often well-framed
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and contains only one or a few objects. Semantic segmentation is a more general

formulation that classifies each pixel into one of some known categories without

discerning between individual objects of similar type, e.g., producing a single

collective mask for all the dogs in an image. In the unsupervised case, learnable

centroids replace predefined categories. Instance segmentation generalises semantic

segmentation by requiring each object in the class of interest to be assigned

an individual mask. Notably, instance segmentation masks might overlap—the

same pixel might be assigned to multiple objects because masks are annotated

independently. Some methods perform closely related multi-object segmentation,

which individuates objects but, like semantic segmentation, assigns each pixel to

exactly one component. To account for uncountable or uninteresting “stuff” classes

(e.g., water, sky, foliage), panoptic segmentation [Kirillov et al. 2019] combines

instance and semantic segmentation to jointly predict “things” as instances and

“stuff” as regions.

1.2.1 Learning from Appearance

As we concentrate on visual objects, it is natural to start by considering the visual

appearance of an object, that is, learning from the raw input pixel values directly.

While having the least amount of input, principles for learning from only appearance

are the most foundational, as they can be applied to other modalities or combined

with other principles.

To segment an object, one needs to group appropriate pixels. The question is how

to determine which pixels should be grouped. Gestalt psychology [Wertheimer

1912] suggests principles of grouping that follow continuity, similarity and proximity.

Early approaches relied primarily on hand-crafted features and statistical methods

facilitated by such ideas to group pixels based on colour and texture similarity

and spatial proximity. Classical approaches included normalised cuts [Jianbo

Shi and Malik 2000], mean shift clustering [Comaniciu and Meer 1999], and

SLIC superpixels [achanta2010slic] amongst others. Building on top of these,

hierarchies of segments could also be induced [Arbelaez et al. 2010; Arbelaez et al.

2014]. While interpretable and computationally efficient, these approaches often

struggled with complex scenes and higher-level semantic grouping, falling out of

favour in the deep learning era.
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Self-supervised learning. Instead of grouping pixel values directly, one can use

a neural network to extract features. Training networks to provide such features is

a matter of self-supervised representation learning, where models learn from the

input data by solving a “pretext task”. Early methods used tasks like colourisation,

predicting rotation and jigsaw solving [Doersch et al. 2015; Doersch and Andrew

Zisserman 2017; Gidaris et al. 2018; Richard Zhang et al. 2016]. The intuition is

that by learning to perform such artificial tasks, the networks must learn image

semantics, such as orientations of objects, colours, compositions, etc., capturing

that information in the features useful for downstream tasks.

Instance discrimination is a widely used pretext task where representations of

images that should be similar are pushed together while (optionally) pushing away

from dissimilar examples [Grill et al. 2020; Caron et al. 2021; Caron et al. 2020; K.

He et al. 2020]. The notion of similarity is often artificially induced by augmenting

the data with transformations such as cropping or applying photometric distortions.

Similar ideas can be applied densely as well, on object, patch, or pixel level [Ji et al.

2019a; Cho et al. 2021; Hénaff et al. 2022; Xinlong Wang et al. 2021; Van Gansbeke

et al. 2021; Ziegler and Asano 2022; X. Zhang and Maire 2020]. For object level,

e.g., [X. Zhang and Maire 2020; Hénaff et al. 2022], this would mean making

pixels features within an object similar. A related pretext task is based on input

reconstruction that has been masked or corrupted, requiring the model to recognise

and use relevant context to predict the missing parts [K. He et al. 2022; Vincent

et al. 2008; Pathak et al. 2016; J. Zhou et al. 2021]. In the case of masking [K.

He et al. 2022], the model might look at visible patches of objects to infer their

presence and reconstruct the rest. This suggests the following principle:

P1
Consistency: objects should be internally consistent, allowing parts to be

inferred from and inform each other.

Notably, the patch representations learned with DINO [Caron et al. 2021] on visual

transformers [Alexey Dosovitskiy et al. 2021] contain excellent semantic object de-

scriptors [Amir et al. 2021] that do not change a lot within the object. Segmentation

of objects can be formed by simply clustering such powerful features [Melas-Kyriazi

et al. 2022a; Y. Wang et al. 2022; Siméoni et al. 2021; Siméoni et al. 2023; Shin

et al. 2022a] reverting to principles of connectedness, similarity and proximity

but now in the learned space. DINO features have transformed the unsupervised
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Figure 1.2: Output of a trained compositional reconstruction model [Locatello
et al. 2020]. Compositional approaches predict segments that are recomposed to
reproduce the input.

segmentation approaches, enabling the construction of powerful saliency prediction

models. Alternatively, one can distil the alignment of learned features, clustering

them over a dataset to form unsupervised semantic segmentation models [Hamilton

et al. 2022; Seong et al. 2023; C. Kim et al. 2024].

Unsupervised instance segmentation approaches build upon simpler segmen-

tation techniques to recognise many objects in the scene. Unsupervised saliency

predictors [Melas-Kyriazi et al. 2022a; Y. Wang et al. 2022; Siméoni et al. 2021],

e.g., based on self-supervised features, are first used to pseudo-label object-centric

datasets with masks. Then, a segmentation network is supervised using these noisy

predictions [Van Gansbeke et al. 2021; Xinlong Wang et al. 2022; Zadaianchuk

et al. 2023a; Xudong Wang et al. 2023a; D. Li and Shin 2024; Arica et al. 2024]. A

similar idea has been previously used in scaling saliency prediction [J. Zhang et al.

2018; Y. Zeng et al. 2019; Nguyen et al. 2019], where hand-crafted methods served

as a starting point. The key intuition is that object segmentation is cold-started

using a different, weaker method. The task is then rephrased as learning from

noisy and incomplete labels, where, due to automated labelling, abundant data is

available.

Compositional reconstruction. Approaches like AIR [S. M. A. Eslami et al.

2016], SPAIR [Crawford and Pineau 2019], and GNM [Jiang and Ahn 2020] describe

a structured generative model of images. The images are assumed to be composed

by sampling multiple individual objects and placing them within the scene. As the

true posterior of this process is often intractable, these methods approximate it with

recognition models for identifying objects, their extent and location. Alternatively,
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discriminative approaches [C. P. Burgess et al. 2019; Locatello et al. 2020; Monnier

et al. 2021] attribute discrete parts of the scene to different slots—a collection of

variables that represent an object. These are very similar in spirit and, at a high

level, differ mostly by the degree to which the probabilistic framework is employed.

Collectively, these methods are based on compositional reconstruction [Emami et al.

2021; Z. Lin et al. 2020b; Engelcke et al. 2020; Engelcke et al. 2021; Smirnov et al.

2021]. These methods form a segmentation for the purpose of assigning or binding

areas of the image to one of the available compressed representation slots [Greff

et al. 2020]. The representations are used to recompose the image back from this

spatial mixture (see fig. 1.2 for an example output). The proposition is that the

following hypothesis holds [C. P. Burgess et al. 2019]:

P2
Composability: the need to recompose the scene from discrete compressed

slots will lead to identifying simple and reusable entities, i.e. objects.

1.2.2 Learning from Motion

Reacting to changes in the environment is important for survival. Our attention is

naturally drawn to the motions we perceive. Goodale and Milner [Goodale and

Milner 1992] describe that the human visual system supports a separate pathway for

perceiving motions in addition to the one for appearance. In addition to focusing

our attention, motion provides a powerful perceptual grouping principle. Gestalt

psychologists described this as the principle of common fate [Wertheimer 1912]:

visual stimuli that move together are perceived as belonging to the same whole

object. The principle forms a very strong basis for early object perception in

infants [Spelke 1990]. It has also been a source of inspiration in computer vision.

The basic intuition is that

P3
Common Fate: pixels of an object will move together and largely indepen-

dently of the rest of the scene.

This enables grouping them by motion into a single object.

Representing motion. To leverage motion for learning objects, one must first

be able to extract and represent it for a given video. Most commonly, motion

is represented as optical flow [Gibson 1950]—a vector field that describes the

position change of each pixel in the image. Other representations include tracking
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Figure 1.3: Video frame and associated optical flow field (colorised). The motion
makes the bear pop out from the surroundings. Image from the DAVIS dataset [Per-
azzi et al. 2016]. Flow estimated using RAFT [Teed and J. Deng 2020].

keypoints [Tomasi and Kanade 1991] or points [Sand and Teller 2008]. Optical flow

can be solved for by considering local matching of pixel intensities subject to various

constraints [Lucas and Kanade 1981; Horn and Schunck 1981]. Alternatively, one

can learn to estimate the flow from data in supervised [A. Dosovitskiy et al. 2015;

Ilg et al. 2017; D. Sun et al. 2018; Teed and J. Deng 2020] or self-supervised [Liang

Liu et al. 2020; Stone et al. 2021; H.-P. Huang et al. 2023] manner. Modern

motion estimation methods are trained on purely synthetic datasets yet are able to

generalise to real-world scenarios. For example, point trackers [Doersch et al. 2022;

Karaev et al. 2024; Doersch et al. 2023] learn from simulation data with randomly

sampled scenes supervised with a physics and a rendering engine [Greff et al. 2022].

This enables the estimating and leveraging of such modalities to localise objects,

which is typically done in motion or video object segmentation tasks.

Motion segmentation has evolved from early methods that consider moving

layers [Jepson and Black 1993], probabilistic mixtures of motion models [Torr 1998],

to clustering point trajectories over time to identify moving regions [Brox and Malik

2010b], and leveraging motion boundaries [Papazoglou and Ferrari 2013]. Optical

flow, having similar dimensions as an image, is a popular choice for injecting motion

into segmentation networks [Tokmakov et al. 2017; Yanchao Yang et al. 2019]. The

main intuition is that the optical flow field within an object is coherent, changing

smoothly, yet often very different from the background (see fig. 1.3). This causes

the objects that move to appear distinct from their surroundings. Motion is a

simpler modality than appearance, without difficult factors like lighting or texture.

Due to such simplicity, some works focus entirely on motion [Charig Yang et al.

2021; Meunier et al. 2022; Meunier and Bouthemy 2023a].
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Video-only methods. Some works have also considered learning from video

without explicitly representing motion information. Time dimension offers addi-

tional opportunities to construct pretext tasks that challenge temporal coherence

understanding by, e.g., ordering frames or clips [Fernando et al. 2017; H.-Y. Lee

et al. 2017; Misra et al. 2016; D. Wei et al. 2018]. Alternatively, one can try to

model the temporal evolution of the scene [Jabri et al. 2020; Salehi et al. 2023;

Xiaolong Wang et al. 2019; Han et al. 2019]. For segmentation, compositional

reconstruction (P2) models are extended to allow for slots to propagate or bind

in the time dimension [Kosiorek et al. 2018; Jiang et al. 2020; Kabra et al. 2021;

Zoran et al. 2021; Weis et al. 2021; Zadaianchuk et al. 2024; Aydemir et al. 2024].

1.2.3 Learning from Language

Grouping of visual stimuli based on spatial or spatiotemporal patterns is critical for

learning to perceive objects. We have reviewed several principles enabling learning

to discern visual objects bottom-up. What if one had some signal that already

encoded some structure in the world? Could we use that for learning in a top-down

manner?

Classes. Image classification is a longstanding problem in computer vision, leading

to the creation of large-scale datasets with classes annotated for each image [Rus-

sakovsky et al. 2015]. These annotations can provide a top-down signal of what

to look for. One approach to exploiting this information is employing a trained

convolutional classifier to localise the object. This can be achieved via backpropa-

gation [Simonyan et al. 2013] or by examining the final aggregation layer in the

network to form class activation maps [Oquab et al. 2015; B. Zhou et al. 2016].

Such maps can seed a localisation method, which can be further refined with

training [Kolesnikov and Lampert 2016; Jing et al. 2019]. However, the class labels

are required for the images, which, while not as laborious as dense annotations,

are limited to predefined classes and rarely available.

Naming. Language is a standout feature of human intelligence. The language is

already divided into meaningful concepts and units. It is the medium through which

we can communicate and reason about the world, referring to different objects with

discrete terms. Learning from this existing structure can be a powerful top-down
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signal for segmenting objects. We assume the objects are already assigned names

that get mentioned in texts associated with images. The names represent objects,

at least in language. These descriptors are often highly compact, encoding only

the most essential aspects of the objects. In large image-text collections, the same

names will co-occur with similar objects. Thus, the idea for learning segmentation

is the following principle:

P4
Naming: connect visual objects through shared names to learn to identify

their extent.

Next, we review how to connect images to text and text to objects.

Vision-language models. Practically, obtaining a large-scale collection of paired

image-text data is nearly as cheap as obtaining just images. For example, this

can be achieved by crawling the Internet [Sharma et al. 2018; Schuhmann et al.

2022] and considering alt-text. The scale and availability of such paired data have

ushered in a wave of Vision-Language Models (VLMs). The main intuition behind

common VLMs is to learn two networks, one for images and one for text, using

contrastive loss between their outputs [Radford et al. 2021; Jia et al. 2021; Zhai

et al. 2023]. This way, one can construct representations of the images and text

aligned in a shared feature space. In addition to contrastive objectives, other

schemes like masked modelling, captioning, and text generation are also used [A.

Singh et al. 2022; J. Li et al. 2023; X. Chen et al. 2023]. Most VLM approaches

offer only global image descriptors, as the data is only available at the image level.

Open-vocabulary segmentation. VLMs signalled a shift from a closed world

of predefined categories to an open world of arbitrary classes described in language.

Segmenting objects described in the language is a task of open-vocabulary segmen-

tation [Bucher et al. 2019; P. Li et al. 2020; Gu et al. 2020; J. Cheng et al. 2021],

where a set of target categories is provided as text, and the goal is to assign each

pixel to one of these classes.

One can solve this problem in a supervised manner by using, for example, annotated

segmentation masks and text labels associated with them. However, obtaining

mask annotations at scale remains a problem.

Approaching this problem without masks involves constructing features for image
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regions and aligning them with corresponding text embeddings. This can be done

by modifying how information is aggregated in the image encoder to align local

features [C. Zhou et al. 2022; Cha et al. 2023; Ranasinghe et al. 2023]. Visual

objects’ textual identifiers are often noun-like entities, which can be identified in the

text by part-of-speech tagging [Brill 1992]. Thus, another useful idea is to consider

candidate objects by extracting noun phrases from captions and aligning them with

perceptual groups found in the image [Jiarui Xu et al. 2022; Jilan Xu et al. 2023;

Q. Liu et al. 2022]. Most of these approaches carry a significant computation cost,

as large-scale training or fine-tuning of the model is required.

1.3 Outline and Contributions

This thesis explores three different sources of signals for learning objects. We first

explore learning from appearance using the principle of composition (P2). We then

exploit the principle of common fate (P3) to learn to segment objects from motion.

Finally, we consider language by exploiting naming (P4). In this section, we outline

each theme of the thesis and its constituent chapters, as well as the contributions

of each chapter.

Appearance

At first, we explore learning to segment objects from appearance alone. We concen-

trate on the compositional scene appearance reconstruction (P2) as a principled

mechanism for decomposing scenes into objects. Many recent approaches to unsu-

pervised segmentation that explore such principles are trained in visually simple

environments. We ask whether these methods can scale to visually complex scenes.

In chapter 2, we propose a range of new benchmark datasets of increasing visual

complexity by introducing rich material, texture and shape details. We concentrate

on progressively increasing visual fidelity in a simulation to provide a middle ground

between simple settings used before and highly intricate real-world scenes. In addi-

tion to new challenging datasets, we advocate for the use of metrics that capture

many facets of segmenting objects. We propose to pay attention to whether objects

are separated from the background with appropriate boundaries and consider the

relative size of objects. We survey and test a range of state-of-the-art (SOTA)
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methods on the new datasets, comparing the effects of their formulations and

highlighting the limitations of current art.

Motion

In this part, we start by exploring how motion can be used to learn binary object

segmentation. Drawing from the principle of common fate (P3), we seek to train

segmentation networks to predict regions that will move together. Our intuition

is to learn object segmentation in the visual domain for generality but exploit

motion as a source of a learning signal. In chapter 3, we propose a guess-and-check

approach and a loss function for training an RGB segmentation network using

optical flow instead of annotations. A segmentation model must predict an object

that might be moving. The loss then checks if the predicted object could explain the

motion observed in the optical flow. The check is performed by using a least-squares

solution of a parametric motion model. One can also view this as applying the

consistency principle (P1) to flow vectors—we explain all flow pixels within an

object with a shared model.

In chapter 4, we extend this paradigm to a multi-object setting by replacing the

min-out of the motion model with a prior. We propose a novel loss that measures

the likelihood of an optical flow region carved out by predicted masks. The intuition

is that the motion can approximately be modelled as a coordinate transformation,

and we can consider a prior distribution of possible transformations and marginalise

them. We show how this principled approach can deal with multi-object settings

and even be applied to real-world videos. We also show that by implementing this

idea as a loss, we are able to augment existing appearance-based approaches to

learn from motion.

Not all objects are necessarily in motion at all times, and objects might move

together for a long time, suggesting that highly informative motion is sparse. In

chapter 5, we explore how one could model and learn from long-term motion

observation, such as point tracks. While the evolution of object motion is tricky to

model, we posit that the motion of points within objects must be self-consistent:

the motion of points within an object could be described by a few trajectories (P1).

Using this idea, we propose a principled loss function that can train a segmentation

network using point tracks as a learning signal. The intuition is to predict image
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areas where trajectory grouping contains a lot of redundancy.

Language

In this part, we explore how vision-language models can be used to construct

image segmenters. The central idea is to leverage the structure already present

in language, connecting textual names with visual objects (P4). As the use of

language enables one to be specific about segmentation targets, we explore an

open-vocabulary segmentation task. In chapter 6, we use the knowledge in the

pre-trained large-scale generative text-to-image diffusion networks to produce a

segmentation model. We introduce a method for approaching this task that departs

significantly from existing art in building a segmentation model without access

to mask annotations. The central idea is to exploit a language-conditioned image

generator to bridge the vision-language gap and attribute generated image areas to

different words by exploiting the conditioning mechanism. We use this to produce

visual descriptions we call prototypes, enabling us to perform segmentation by

comparison with image features.

1.4 Publications

Chapters 2 to 6 each contain a research paper that has been peer-reviewed and

published at an international conference.

Chapter 2: “ClevrTex: A Texture-Rich Benchmark for Unsupervised Multi-

Object Segmentation” Laurynas Karazija, Iro Laina, Christian Rupprecht. In

Conference on Neural Information Processing Systems (NeurIPS) 2021 Datasets

and Benchmarks Track.

Chapter 3: “Guess What Moves: Unsupervised Video and Image Segmentation by

Anticipating Motion” Subhabrata Choudhury∗, Laurynas Karazija∗, Iro Laina,

Andrea Vedaldi, Christian Rupprecht. In British Machine Vision Conference

(BMVC), 2022. (Spotlight)

Chapter 4: “Unsupervised Multi-object Segmentation by Predicting Probable Mo-

tion Patterns” Laurynas Karazija∗, Subhabrata Choudhury∗, Iro Laina, Christian

Rupprecht, Andrea Vedaldi. In Advances in Neural Information Processing Systems
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(NeurIPS), 2022.

Chapter 5: “Learning segmentation from point trajectories” Laurynas Karazija,

Iro Laina, Christian Rupprecht, Andrea Vedaldi. In Advances in Neural Information

Processing Systems (NeurIPS), 2024. (Spotlight)

Chapter 6: “Diffusion Models for Open-Vocabulary Segmentation” Laurynas

Karazija, Iro Laina, Andrea Vedaldi, Christian Rupprecht. In European Conference

on Computer Vision (ECCV), 2024. (Oral)

∗ indicates equal contribution.
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CHAPTER 2. CLEVRTEX: A TEXTURE-RICH BENCHMARK FOR UNSUPERVISED
MULTI-OBJECT SEGMENTATION

Chapter 2

ClevrTex: A Texture-Rich

Benchmark for Unsupervised

Multi-Object Segmentation

This chapter presents a paper that has been published in Conference on Neural

Information Processing Systems (NeurIPS), 2021, Datasets and Benchmarks Track.

In this chapter, we explore methods that learn from the appearance of the scenes,

meaning the RGB images or videos themselves. We introduce a series of benchmarks

called ClevrTex that are designed to evaluate the performance of multi-object

segmentation models in an effort to scale them to real-world settings. We also

benchmark the performance of state-of-the-art multi-object segmentation methods

that are based on a compositional reconstruction (P2). Our experiments show that

applying various materials to only objects already posed a significant challenge,

as the appearances were no longer uniform. Our findings showed that the current

state-of-the-art methods were limited in their ability to handle visually complex

scenes. ClevrTex has since become a standard benchmark for multi-object

segmentation methods, inviting the community to scale them to visually complex

environments. Follow-up works greatly improved performance on ClevrTex by

scaling encoders and considering more involved decoding architectures. Further

works used self-supervised features to begin scaling compositional reconstruction

approaches to real-world benchmarks.
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CHAPTER 2. CLEVRTEX: A TEXTURE-RICH BENCHMARK FOR UNSUPERVISED
MULTI-OBJECT SEGMENTATION

ClevrTex: A Texture-Rich Benchmark for

Unsupervised Multi-Object Segmentation
Laurynas Karazija, Iro Laina, Christian Rupprecht

Visual Geometry Group

University of Oxford

Oxford, UK

{laurynas,iro,chrisr}@robots.ox.ac.uk

Abstract

There has been a recent surge in methods that aim to decompose and

segment scenes into multiple objects in an unsupervised manner, i.e., unsuper-

vised multi-object segmentation. Performing such a task is a long-standing

goal of computer vision, offering to unlock object-level reasoning without

requiring dense annotations to train segmentation models. Despite signifi-

cant progress, current models are developed and trained on visually simple

scenes depicting mono-colored objects on plain backgrounds. The natural

world, however, is visually complex with confounding aspects such as diverse

textures and complicated lighting effects. In this study, we present a new

benchmark called ClevrTex, designed as the next challenge to compare,

evaluate and analyze algorithms. ClevrTex features synthetic scenes with

diverse shapes, textures and photo-mapped materials, created using physi-

cally based rendering techniques. It includes 50k examples depicting 3-10

objects arranged on a background, created using a catalog of 60 materi-

als, and a further test set featuring 10k images created using 25 different

materials. We benchmark a large set of recent unsupervised multi-object

segmentation models on ClevrTex and find all state-of-the-art approaches

fail to learn good representations in the textured setting, despite impressive

performance on simpler data. We also create variants of the ClevrTex

dataset, controlling for different aspects of scene complexity, and probe cur-
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rent approaches for individual shortcomings. Dataset and code are available

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

2.1 Introduction

Supervised scene understanding has seen significant progress in the last decade. The

introduction of deep learning to the field and large, manually annotated datasets

have made it possible to address tasks such as object detection [Li Liu et al. 2020],

semantic or instance segmentation [K. He et al. 2017], layout prediction [D. Xu

et al. 2017] and dense captioning [Johnson et al. 2016] with considerable accuracy.

However, in absence of labels, and thereby supervision, such tasks are exceedingly

difficult, even though it is easy to imagine that with enough images (or videos), it

should be possible to identify objects and the general composition of a scene without

human annotations. This renders unsupervised multi-object segmentation, as well

as object-centric learning a challenging yet promising field with high potential.

While certain tasks in the general context of unsupervised scene understanding

and decomposition have a relatively long history in computer vision, the majority

of applications focus on single objects: image classification [Van Gansbeke et al.

2020; Ji et al. 2019b; Caron et al. 2018], saliency detection [J. Zhang et al. 2018;

Nguyen et al. 2019], foreground/background segmentation [M. Chen et al. 2019;

Bielski and Favaro 2019; Voynov et al. 2020; Melas-Kyriazi et al. 2022b] and general

image-level representation learning [K. He et al. 2020; T. Chen et al. 2020; Caron

et al. 2021; Grill et al. 2020]. These methods are usually developed on datasets

such as ImageNet [Russakovsky et al. 2015] that contain one object of interest per

image. Nevertheless, most real-world scenes are often comprised of multiple objects

in varying spatial configurations.

Only recently, methods have been developed to analyze and decompose whole

scenes containing multiple objects, i.e., jointly learning to represent and segment

objects from raw image input, without supervision. However, since moving from

individual objects to complex scenes drastically complicates the problem, these

methods currently rely on simple synthetic datasets. The complexity of these

datasets ranges from simple, single-color 2D shapes arranged against a black

background [C. P. Burgess et al. 2019] to rendered 3D scenes composed of uniformly
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colored, 3D primitives (cubes, spheres, cylinders) [Johnson et al. 2017] (fig. 2.1).

Interestingly, current methods work very well on this kind of data and saturate

the existing benchmarks such that a quantitative comparison of models becomes

difficult.

How to scale such methods to visually complex real-world data remains an open

problem. When analyzing the current state-of-the-art methods and datasets, it

becomes clear that there is a strong reliance on simple appearance (e.g., single

color, simple shape). For example, [Greff et al. 2019] identify a tendency of their

model to segment by color, and it fails when applied to natural images. In fact, the

majority of methods learn semantic objects using similar compositional principles,

which exploit statistical advantages in aligning simple scene elements with internal

representations. Natural images and the objects therein, however, do not possess

strong, consistent colors. Instead, they feature confounding textures, often a

mixture of repeating and irregular patterns, which might violate such assumptions.

This work introduces a dataset and benchmark as the next step towards eventually

tackling real-world scenarios. We propose ClevrTex, a synthetic dataset that

consists of textured foreground objects and background, unlike existing benchmarks.

Interestingly, we find that simply moving from uniformly colored to textured objects

poses extreme challenges for current models, and no existing method achieves

satisfactory performance. For this reason, we also introduce several variants of our

dataset to gradually scale the visual complexity of the scenes and investigate where

current algorithms struggle. To probe the generalization capability of models to

out-of-distribution scenes, we create additional test sets that contain unseen shapes

and materials and camouflaged objects. Together with ClevrTex and its variants,

we are releasing the code to generate the dataset from scratch. Finally, we find

that existing work does not rely on a consistent set of metrics and benchmarks. In

an extensive set of experiments, we benchmark the majority1 of current work on

both CLEVR and our newly introduced ClevrTex.

1wherever code was available or could be obtained from the authors
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GQN [S. A. Eslami et
al. 2018]

ObjectRoom [C. P.
Burgess et al. 2019]

ShapeStacks [Groth
et al. 2018]

CLEVR [Johnson et
al. 2017]

ClevrTex

Figure 2.1: Qualitative comparison of our new ClevrTex dataset with previous
unsupervised multi-object learning datasets featuring 3D objects. See 2.1 for
quantitative comparison.

Table 2.1: Comparison of the proposed ClevrTex dataset with previous unsuper-
vised multi-object learning datasets featuring 3D objects.

Dataset #Images #Objects #Shapes #Obj. #Obj. #Backgrounds AnnotationsColors Materials

GQN [S. A. Eslami et al. 2018] 12M 1–3 7 — 1 15 Camera parameters
ObjectRoom [C. P. Burgess et al. 2019] 1M 1–6 4 10 1 100 Semantic, factor of variation
ShapeStacks [Groth et al. 2018] 310k 2–6 4 5 1 25 Semantic, stability, stability type
CLEVR [Johnson et al. 2017] 100k 3–10 3 8 2 1 Semantic, factors of variation

ClevrTex (Ours) 50k+10k 3–10 4+4 — 60+25 60+25 Semantic, depth, normal, shadow,
factors of variation

2.2 Related Work

Object recognition benchmarks such as PascalVOC [Mark Everingham et al. 2010]

or MS COCO [T.-Y. Lin et al. 2014] have been fundamental to object detection

research. However, the current unsupervised multi-object segmentation models

are yet unable to handle diverse real-world images featured in such datasets and

have relied on visually trivial 2D and 3D data. Here, we review datasets and

benchmarks used in unsupervised multi-object segmentation methods and point

out the differences to ClevrTex.

2D Datasets Earlier unsupervised multi-object learning approaches were applied

to transformed versions of existing 2D datasets, often originally crafted for disentan-

glement research, such as Shapes [Reichert et al. 2011], variants of MNIST [LeCun

et al. 1998]: TexturedMNIST [Greff et al. 2016] and MultiMNIST [Sabour et al.

2017], as well as the multi-object version of dSprites [Matthey et al. 2017], i.e.,

Multi-dSprites [C. P. Burgess et al. 2019]. Others borrow data from the reinforce-

ment learning community, such as the ATARI game environment [Bellemare et al.

2013] or Tetrominoes [Bozkurt et al. 2019]. However, 2D datasets, whilst valuable

for development, do not contain the visual cues and details (e.g. shadows and

perspective) needed to learn object segmentation that generalizes to real images.

30



3D Datasets Simple 3D Phong-shaded datasets (fig. 2.1) have been crafted for

use in the unsupervised multi-object setting. The object-room dataset [C. P. Burgess

et al. 2019], a multi-object extension of 3D shapes [C. Burgess and H. Kim 2018],

features colored shapes arranged in a room with colored walls. ShapeStacks [Groth

et al. 2018] features stacked, solid-colored primitives on a simple background with a

pattern. CLEVR [Johnson et al. 2017], which is most closely related to our work,

was introduced as a visual question-answering dataset but has become a popular

benchmark in unsupervised scene decomposition as well. It features a set of 3-10

primitive shapes arranged on a gray photo backdrop; objects can have either a

rubbery or metallic appearance and one of 8 color tints. CLEVR6 [Greff et al.

2019] is a filtered version of the CLEVR dataset that includes only up to 6 objects

per image. It is often used for training in multi-object representation learning,

with the remainder of CLEVR used to test generalization to more crowded scenes

[Locatello et al. 2020; Emami et al. 2021].

Additional variants of CLEVR have also been generated for other tasks, such

as ARROW [Jiang and Ahn 2020] for exploring scene composition accuracy, and

a recursive version in [F. Deng et al. 2021] for learning part-whole relationships.

Multi-view variations [Kosiorek et al. 2021; Stelzner et al. 2021] are used for 3D

representation learning, and further include new object geometry, such as toys

[N. Li et al. 2020a] and chairs [Yu et al. 2021]. However, these datasets feature

simple scenes of low visual complexity, with contrasting solid colors present on

objects. ClevrTex instead contains difficult objects with various materials that

include repeating patterns and small details and often blend in rather than stand

out from the background.

The main differences in data statistics between ClevrTex and commonly used

multi-object learning datasets are also summarised in table 2.1.

Unsupervised Multi-Object Segmentation in Natural Scenes Some at-

tempts have also been made to scale to natural scenes. [S. M. A. Eslami et al. 2016]

apply the AIR model modified with a 3D rendering engine to infer identities and

positions of crockery items on a table, training on simulated data, and evaluating

against real-world images. [Monnier et al. 2021] test their sprite-based method on

foreground/background segmentation on the Weizmann Horse dataset [Borenstein

31



and Ullman 2004]. [Engelcke et al. 2021] apply Genesis-V2 to robotic manipulation

datasets, Sketchy and APC [A. Zeng et al. 2017]. Sketchy [Cabi et al. 2019] features

recordings of a robotic arm manipulating solid colored toys, towels, or other small

objects on a test table, but it lacks segmentation masks. The APC [A. Zeng et al.

2017] dataset is used instead for evaluation but only contains a single foreground

object. These attempts signal promise that unsupervised multi-object segmentation

can eventually scale to diverse real-world images.

Visual Fidelity in Simulation Simulation has always been central to progress

in machine/reinforcement learning. However, as usual, the gap between a simulated

setting and the ability to generalize to real-world environments is of concern.

Several new simulators aim to improve the visual fidelity using photo-mapped

environments or artists’ compositions [Savva et al. 2017; Kolve et al. 2017; F. Xia

et al. 2018; Manolis Savva* et al. 2019]. Recently, TWD [Gan et al. 2021] introduced

a rich physics engine and PBR rendering of environments with a library of objects.

Similar to our work, the emphasis is partly on increasing visual fidelity while

moving away from trivial settings and towards real-world applications. However,

RL environments have not seen much use in the unsupervised vision domain due

to the often specific nature of the data, egocentric perspective, and temporal

dependency.

2.3 ClevrTex

We introduce ClevrTex, a simulated dataset designed to present the next challenge

in unsupervised multi-object learning. It introduces confounding visual aspects

such as texture, irregular shapes, and various materials while maintaining control

over scene composition. ClevrTex is available under CC-BY license.

2.3.1 Dataset Creation

ClevrTex is a much more visually complex extension of CLEVR [Johnson et al.

2017] targeted at multi-object learning. It is procedurally generated using the API

of Blender2, a powerful open-source 3D suite.
2https://www.blender.org/
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At the center of the ClevrTex generation process is a catalog of diverse photo-

mapped materials3 ranging from forest floor duff, rocks, brickwork, and tiles

to fabrics, metallic weaves, and meshes — a full list of materials is shown in

appendix B.3.5). To generate each image, we start with a scene containing only a

photo backdrop, which will become the background. For viewpoint and lighting

diversity, we apply random jitter to the position of the camera and three lights.

We then fill the scene with 3 to 10 objects (number sampled uniformly), sampling

each object from a set of shapes: a cube, a sphere, a cylinder, and a non-symmetric

shape of anthropomorphized monkey head4 for increased complexity in object

silhouettes. Objects are added to the scene one by one by sampling position

(continuous, (x, y) ∼ Uniform(−3, 3)), scale (discrete, s ∈ {.9, .6, .4}), and rotation

(continuous, θ ∼ Uniform(0, 360)). If a new object collides with already existing

shapes in the scene, the object’s transformation is resampled until no collision is

found or a maximum number of trials is exceeded, at which the process restarts by

removing all objects.
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Figure 2.2: ClevrTex and its
variants.

We then sample a material for each object

and the background. Using adaptive subdi-

vision, we create material-specific geometry

by displacing vertices of the starting shapes.

This creates reliefs for simpler materials or dis-

torts shapes, extruding features or introducing

holes. The materials use albedo, subsurface

scattering, and reflectivity maps to generate

detailed visuals. Using physically based render-

ing ensures appropriately detailed reflections,

highlights, and lighting effects. In addition, we generate ground truth segmentation

maps through the rendering process and automatically check that no object is

fully occluded. In that case, the scene is resampled from scratch. Further figures

depicting scene lighting, objects, their scales and deformations are available in

appendix B.3.5.
3We use the computer graphics term “material” to refer to the collection of resources used

to creates the likeness of appropriate real-world material on simulated surfaces. Materials are
typically a composition of various modalities, such as normal, diffuse, specular, and displacement
maps, as well as a computation graph and shaders. We use the term “texture” to refer to 2D
images mapping color information onto 3D surfaces.

4A modified version of Suzzane – a prefab shape available in Blender.
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The object shapes and placement mimics that of the CLEVR dataset [Johnson

et al. 2017] for backward compatibility. We do not generate the question-answering

part of the original CLEVR dataset but include full metadata. This means that

this dataset could also be used for other CLEVR-based tasks such as question

answering, although this is not our focus here. Similarly, in anticipation that

our dataset might also find usages beyond its intended setting, we include depth,

albedo, shadow, and normal maps alongside the images, segmentation maps, and

metadata. We share the code to generate ClevrTex alongside the dataset.

2.3.2 Statistics

ClevrTex contains 50 000 images, of which we use 10% for testing, 10% for

validation and the remaining 80% (40 000 images) for training. Each image contains

between three and ten objects (uniformly sampled). There are four possible shapes,

which have been modified to enable clean texture mapping. We use three distinct

object scales to maintain identifiable size “names”, as in CLEVR, and custom

meshes to ensure that the scaling of the objects does not distort texture details.

The object placement and rotation are sampled from a continuous range. Note

that even though two shapes — cylinder and sphere — are rotationally symmetric,

the materials applied to them are not. We use a catalog of 60 materials with

non-commercial licenses to generate the whole dataset before splitting the data

into training sets. The materials are manually adjusted to ensure visually pleasing

results at different scales and the background.

2.3.3 Variants

We create the following modifications of ClevrTex, each with 20 000 images (see

fig. 2.2), to enable a more detailed analysis and evaluation and probe methods for

their shortcomings.

The first variant, PlainBG, is a dataset consisting of textured objects on a

plain background, i.e., the background is always set to a simple material as

in CLEVR. We also create the reverse version, VarBG (varied background),

where the objects are assigned simple CLEVR-like materials and colors while

the background receives a textured material at random from our material catalog.

PlainBG and VarBG fall in-between CLEVR and ClevrTex in terms of
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visual complexity. In PlainBG, intra-object appearance is more complex, but

each object clearly stands out from the plain background. On the other hand,

VarBG maintains uniformly colored objects but introduces background texture,

effectively making the background more diverse than the foreground. PlainBG

and VarBG can be used to analyze the importance of background vs. object

reconstruction. Furthermore, we create GrassBG, which contains scenes with the

same mossy grass material as the background, while foreground objects receive

materials at random. This variant is thus comparable to ClevrTex in terms

of visual complexity. However, consistency in the background allows for testing

memorization vs. reconstruction effects.

In addition, we propose the following two test sets to serve as an extra check for

the limitations of ClevrTex.

CAMO contains scenes with “camouflaged” objects. To simulate this, every scene

is made of a single, randomly sampled material that is used on all objects and the

background. CAMO is created to challenge the internal-vs-external consistency

and the efficiency hypothesis that underpins compositional methods. The only

visual cues here are lighting, shadows, and perspective. It should enable probing

models to see if they rely on such context to identify objects. Although we release

CAMO with training, validation and test splits, in our experiments it is only used

as a testbed for models trained on ClevrTex.

Finally, we also provide a separate OOD (out-of-distribution) dataset to evaluate

model generalization on novel scenes. This dataset is designed exclusively as a

test set and thus only contains 10 000 images. OOD is generated the same way as

ClevrTex, but exclusively uses 25 new (unseen) materials — i.e. different from the

60 already used in other variants — and four new shapes (cone, torus, icosahedron,

and a teapot) that are not part of ClevrTex.

2.4 Models

In recent years, there has been a surge of methods that aim to decompose a scene

into objects in an unsupervised manner and, at the same time, learn object-centric

representations. Following [Z. Lin et al. 2020b], we categorize these methods as

follows.
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Pixel-Space Approaches (⊞) A common way to frame the problem of unsu-

pervised scene decomposition into objects is to assign each pixel to one of a usually

fixed number of scene components, inferring per-pixel membership maps [Greff et al.

2016; Greff et al. 2017; Greff et al. 2019; C. P. Burgess et al. 2019; Yanchao Yang

et al. 2020; Emami et al. 2021]. While these methods are probabilistic in nature,

they do not lend themselves to generating new images. For this reason, several

generative methods have been proposed, where images can be sampled from the

learned distributions [Engelcke et al. 2020; Engelcke et al. 2021]. Finally, [Locatello

et al. 2020] introduce a discriminative approach using an iterative clustering-like

slot attention mechanism.

Here, we benchmark MONet [C. P. Burgess et al. 2019] and IODINE [Greff et al.

2019] as examples of earlier approaches that handle 3D colored scenes. We also

evaluate the improved efficient MORL (eMORL) [Emami et al. 2021], Genesis-

v2 [Engelcke et al. 2021] as a generative model, and Slot Attention [Locatello et al.

2020] which is representative for discriminative models.

Table 2.2: Computational resources for
different models. × indicates number of
GPUs needed. Measured on NVIDIA P40
24GB GPUs, with original batch sizes and
128× 128 input. Train. time refers to time
required to train the models for the recom-
mended number of iterations, measured in
total GPU hours. Inf. time measures the
mean inference time required for a single
batch, shown ±σ over 7 passes.

Model
Train. Time Inf. Time Peak GPU

(GPU h) (ms±σ) Mem (GB)

□□ GNM [Jiang and Ahn 2020] 54 258 ±9 4
□□ SPACE [Z. Lin et al. 2020b] 64 191 ±2 8
□□ SPAIR* [Crawford and Pineau 2019] 77 213 ±2 11
♣□ DTI [Monnier et al. 2021] 198 2530 ±5 11
♣□ MN [Smirnov et al. 2021] — — 11

⊞ IODINE [Greff et al. 2019] 4× 202 1360 ±2 4× 23

⊞ SA [Locatello et al. 2020] 290 818 ±1 17

⊞ MONet [C. P. Burgess et al. 2019] 3× 106 544 ±1 3× 17

⊞ eMORL [Emami et al. 2021] 4× 158 217 ±1 4× 17

⊞ GenV2 [Engelcke et al. 2021] 194 452 ±1 15

Glimpse-Based Methods ( □□) An

alternative to predicting components

for each pixel is to extract patches

of the input—named glimpses—that

contain objects. A dense segmenta-

tion can be derived in this reduced

space. These glimpses are arranged

on top of an explicit background to

reconstruct the image. Glimpse-based

methods [S. M. A. Eslami et al. 2016;

Crawford and Pineau 2019; Z. Lin

et al. 2020b; Jiang and Ahn 2020; F.

Deng et al. 2021] tend to offer com-

putational advantages due to smaller

regions, however also require deciding,

extracting and composing patches.

From the glimpse-based methods, we benchmark SPAIR [Crawford and Pineau
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2019], which models glimpses auto-regressively, using a truncated geometric prior.

Since it cannot handle non-black backgrounds, we modify the model to include a

VAE for background prediction (SPAIR*). We also evaluate SPACE [Z. Lin et al.

2020b] due to its use of the pixel-space approach for processing the background,

and GNM [Jiang and Ahn 2020], which uses scene-level priors.

Sprite-Based Methods ( ♣□) Recently, several methods [Smirnov et al. 2021;

Monnier et al. 2021] propose to decompose images into a learned dictionary of RGBA

sprites instead of learning a generative model. From the alpha masks of each sprite,

the scene segmentation can be recovered. We benchmark MarioNette [Smirnov

et al. 2021] and DTISprites [Monnier et al. 2021] to investigate the differences of

two sprite-based ( ♣□) approaches.

The aforementioned models have highly varying computational requirements. We

offer a side-by-side comparison in table 2.2, where computational advantages to

glimpse-based methods can be immediately seen, with methods such as GNM

and SPACE taking a fraction of time and memory required by even single-GPU

pixel-space methods. All implementation details, hyper-parameters, and model

changes are reported in appendix B.3.3.

2.5 Experiments

Datasets We benchmark a wide spectrum of methods using ClevrTex and

its variants. To test generalization, we evaluate models trained on ClevrTex

using OOD and CAMO. In addition to our ClevrTex and its variants, we

conduct experiments on CLEVR to provide a complete side-by-side comparison of

methods and the new challenges in ClevrTex. All implementation details and

preprocessing are reported in appendix B.3.1.

Metrics The majority of previous work has used the adjusted Rand index on

foreground pixels (ARI-FG) only as an evaluation metric. We share concerns with

[Monnier et al. 2021; Engelcke et al. 2020] that this metric does not reflect how

well objects are localized by the model and whether they are considered part of

the background. Thus, we report mean intersection over union (mIoU) instead, as

it considers the background. Further discussion and a side-by-side comparison of
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ARI-FG and mIoU can be found in appendix B.3.2. Furthermore, we judge the

quality of the reconstruction output of the models using the mean squared error

(MSE). For the models trained on CLEVR and ClevrTex, we report results on

three random seeds, including their standard deviation.
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Figure 2.3: Comparison of various models’ reconstruction and segmentation outputs
on CLEVR, ClevrTex and our test sets. Best viewed digitally. More results in
the Appendix, fig. B.1.

2.5.1 Benchmark

The results for the benchmark are detailed in table 2.3 and in fig. 2.3. Next,

we discuss our findings regarding the ability of models to separate foreground

and background, to handle textured scenes, as well as their training stability and

generalizability to new scenes.

Background Segmentation Pixel-space methods (⊞) show impressive per-

formance on CLEVR compared against glimpse-based approaches ( □□) on the

foreground (see fig. 2.3). However, if we consider the ability to segment the back-

ground (mIoU in table 2.3), their performance advantage disappears, with SPAIR*

performing the best. We attribute this to the tendency of pixel-space models
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Table 2.3: Benchmark results on CLEVR and ClevrTex and the generalization
test sets CAMO, and OOD. Results shown ±σ calculated over 3 runs. † updated
eMORL: after ClevrTex was released, the authors of [Emami et al. 2021] have
updated their codebase to include ClevrTex training and evaluation and shared
their trained models with improved performance (single seed on CLEVR).

Model CLEVR ClevrTex OOD CAMO
↑mIoU (%) ↓MSE ↑mIoU (%) ↓MSE ↑mIoU (%) ↓MSE ↑mIoU (%) ↓MSE

□□ SPAIR* [Crawford and Pineau 2019] 65.95± 4.02 55± 10 0.0 ± 0.0 1101± 2 0.0 ± 0.0 1166± 5 0.0 ± 0.0 668± 3
□□ SPACE [Z. Lin et al. 2020b] 26.31±12.93 63± 3 9.14± 3.46 298± 80 6.87± 3.32 387± 66 8.67± 3.50 251± 61
□□ GNM [Jiang and Ahn 2020] 59.92± 3.72 43± 3 42.25± 0.18 383± 2 40.84± 0.30 626± 5 17.56± 0.74 353± 1
♣□ MN [Smirnov et al. 2021] 56.81± 0.40 75± 1 10.46± 0.10 335± 1 12.13± 0.19 409± 3 8.79± 0.15 265± 1
♣□ DTI [Monnier et al. 2021] 48.74± 2.17 77± 12 33.79± 1.30 438± 22 32.55± 1.08 590± 4 27.54± 1.55 377± 17
⊞ GenV2 [Engelcke et al. 2021] 9.48± 0.55 158± 2 7.93± 1.53 315±106 8.74± 1.64 539±147 7.49± 1.67 278± 75
⊞ eMORL [Emami et al. 2021] 50.19±22.56 33± 8 12.58± 2.39 318± 43 13.17± 2.58 471± 51 11.56± 2.09 269± 31
⊞ eMORL† [Emami et al. 2021] 21.98 26 30.17± 2.60 347± 20 25.03± 1.99 546± 4 19.13± 4.88 315± 21
⊞ MONet [C. P. Burgess et al. 2019] 30.66±14.87 58± 12 19.78± 1.02 146± 7 19.30± 0.37 231± 7 10.52± 0.38 112± 7
⊞ SA [Locatello et al. 2020] 36.61±24.83 23± 3 22.58± 2.07 254± 8 20.98± 1.59 487± 16 19.83± 1.41 215± 7
⊞ IODINE [Greff et al. 2019] 45.14±17.85 44± 9 29.16± 0.75 340± 3 26.28± 0.85 504± 3 17.52± 0.75 315± 3

to assign parts of the background to nearby objects. In glimpse-based methods,

however, the formation of glimpses forces the objects to be spatially compact, which

offers an advantage when separating the objects from the background.

Textured Scenes When training on ClevrTex, all models struggle. The

foreground segmentation performance reduces, indicating that models fail to assign

whole objects to a single component, likely due to the tendency to overfit consistent

color regions. The overall segmentation performance is worse as well. MSE is much

higher than on CLEVR, with models producing blurry or flat reconstructions,

failing to capture much of the rich variation in the input data. SPAIR*, which

showed the best overall performance on CLEVR, fails to recognize any objects and

instead simply predicts the background. We conjecture that SPAIR’s autoregressive

handling of objects paired with the use of spatial transformers might make the

learning signal too noisy.

Sprite-based models ( ♣□) also perform worse, as the greater variation in appearances

is not sufficiently captured by their limited dictionary. While the dictionary size

can be increased, the lack of an internal compression mechanism to represent varied

appearances will always be a limiting factor in natural world settings. Interestingly,

when unable to capture individual objects, MN learns to tile the image with possible

color blobs, representing low-frequency information in the image instead. In our

tests, similar tiling behavior tends to occur also in glimpse-based models whenever

they cannot learn to reconstruct the foreground (see the Appendix, fig. B.2, for

examples in other models). Since DTI includes a set of internal transformations, it
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performs comparatively better on ClevrTex.

GNM, a generative glimpse-based approach, has overall the best performance on

ClevrTex, which we attribute to spatial-locality constraints imposed through the

glimpse-based formulation and limited background reconstruction ability due to a

simpler background model; i.e. comparing to other methods less capacity is spent on

the background. Interestingly, GNM shows one of the largest reconstruction errors,

despite being the best at scene segmentation, suggesting that ignoring confounding

aspects of the scene rather than representing them might aid in the overall task.

Out of the our benchmarked pixel-space methods (⊞), IODINE performs the best

in terms of the overall segmentation performance. Our qualitative investigation

shows that pixel-space methods that can segment textured scenes largely capture

consistent color regions, which occasionally align with objects on scenes with simpler

materials. Large patterns in the background or changes in object appearance, often

due to lighting result in oversegmentation.

Stability Due to inherent stochasticity in initialization and optimization, one

can expect a degree of variation between different model training runs. Many

benchmarked models in this study also rely on internal randomness, primarily due

to the sampling procedures involved. This influences the learning signal and the

configuration the models can learn. Pixel-based approaches and SPACE (which has

pixel-space model for background) show higher variance in the performance metrics.

Similar to [Locatello et al. 2020; Emami et al. 2021; Z. Lin et al. 2020b], we observe

that these methods occasionally fail to use separate components, which causes high

fluctuation between different seeds. Glimpse-based methods are more stable with

respect to seeds but tend to exhibit higher sensitivity to hyperparameter settings.

Generalisation In addition to benchmarking existing approaches in their ability

to learn and handle textured scenes, we are also interested in the degree to which

different approaches might rely on specific factors of ClevrTex. To this end,

we evaluate the models trained on the ClevrTex on two additional test sets:

CAMO to see whether models rely on the difference of object appearances present

in a scene, and OOD to see whether a degree of memorization (e.g. of shapes and

materials) plays a role in recognition and whether the methods could generalize to
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Figure 2.4: Comparison of various models’ reconstruction and segmentation outputs
on PlainBG, VarBG and GrassBG variants. Best viewed digitally.

unseen patterns.

Interestingly, some of the better performing approaches on ClevrTex maintain

much of their segmentation ability on out-of-distribution (OOD) data. GNM, for

example, attempts to reconstruct the input using memorized training data materials

and shapes, which leads to reduced but still comparable object segmentation. Other

sprite- ( ♣□) and glimpse-based ( □□) methods either do not perform well or show

similar reliance on the appearances from the training distribution. Pixel-space

models (⊞) show a better ability to reconstruct the input but also tend to reconstruct

based on consistent color regions rather than objects, a tendency only exacerbated

by the out-of-distribution setting.

When considering the challenging CAMO setting, none of the approaches perform

satisfactory segmentation. Methods that somewhat work on ClevrTex tend

to use different components to represent lighter and darker parts of the scene,

highlighting the tendency of all current models to overfit the scene appearance.

2.5.2 Variants

As discussed above, many of the models that perform well on CLEVR, either

do not work on ClevrTex or lose much of their performance. To further probe

which aspects of the scene composition are challenging, we use the variants of

ClevrTex.
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Table 2.4: Model results on PlainBG,VarBG, and GrassBG variants.

Model PlainBG VarBG GrassBG
↑mIoU (%) ↓MSE ↑mIoU (%) ↓MSE ↑mIoU (%) ↓MSE

□□ SPAIR* [Crawford and Pineau 2019] 39.32 134 0.00 1246 0.00 728
□□ SPACE [Z. Lin et al. 2020b] 31.96 120 16.10 311 33.85 196
□□ GNM [Jiang and Ahn 2020] 26.49 96 49.78 438 53.15 254
♣□ MN [Smirnov et al. 2021] 10.16 167 11.51 441 34.80 266
♣□ DTI [Monnier et al. 2021] 36.03 210 38.82 498 37.65 215
⊞ GenV2 [Engelcke et al. 2021] 24.39 98 14.40 298 2.88 306
⊞ eMORL [Emami et al. 2021] 29.39 96 22.92 385 19.38 199
⊞ MONet [C. P. Burgess et al. 2019] 38.72 83 23.73 212 21.29 165
⊞ SA [Locatello et al. 2020] 39.32 134 62.57 257 12.88 116
⊞ IODINE [Greff et al. 2019] 23.83 128 39.86 364 25.76 225

Textured Objects When applied to PlainBG, where materials are only seen on

objects, and the background is gray, all of the methods still perform worse than on

CLEVR, with a significant drop in segmentation performance, especially prevalent

in pixel-space approaches (⊞). Since all methods have been designed with simpler

datasets and uniformly colored objects, the more realistic nature of the materials

in ClevrTex poses a difficult challenge. Glimpse-based models ( □□) also show

reduced segmentation quality over CLEVR. MN (sprite-based) struggles as the

increased diversity in foreground objects overwhelms the spite dictionary. Finally,

the models’ inability to capture the fine-grained details of the more complex object

appearance causes the increase in reconstruction error.

Textured Background VarBG contains simple mono-colored objects arranged

on top of a diverse set of textured backgrounds. Certain models, like SPAIR*,

SPACE, and GenV2, struggle to handle diverse backgrounds. Other methods, how-

ever, seem to benefit from simpler objects, showing improvements in segmentation

performance over both PlainBG and ClevrTex scenarios, indicating that these

models rely on simpler, more consistent objects.

Consistent Background GrassBG has the same complex forest grass back-

ground in all scenes. The background is richer and more complex than in PlainBG.

As glimpse-space methods ( □□) tend to model the background explicitly, we observe

that contrasting consistent background aids these models greatly. Pixel-space meth-

ods (⊞) also perform slightly better in this setting than on ClevrTex where the

background varies. However, the effect is not as pronounced as for glimpse-based

( □□) approaches, with the overall performance roughly matching what was observed
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on ClevrTex.

2.6 Conclusions

Unsupervised object learning and scene segmentation is a challenging task. Inter-

estingly, given the existing metrics and commonly used datasets (e.g., CLEVR),

current approaches show impressive performance, yet we have shown that they

are easily challenged when visual complexity increases. To this end, we present

ClevrTex, a new benchmark that aims to increase visual scene complexity, which

contains richer textures, materials, and shapes, to encourage progress towards

methods applicable to real images in the wild.

In our experiments, GNM [Jiang and Ahn 2020] and IODINE [Greff et al. 2019]

perform the best out of glimpse-based and pixel-space models, respectively, with

GNM showing the best segmentation performance overall. However, almost all

methods struggle to handle multiple textured scenes, resulting in a significant

performance gap with respect to the closest current benchmark, CLEVR. Our

findings suggest that pixel-space methods tend to be more prone to overfitting

consistent color regions and smooth gradients. On the other hand, sprite- and

glimpse-based approaches tend to memorize small repeated patterns, which offers

an advantage on ClevrTex. Further testing, however, shows that these models

reconstruct smooth backgrounds and recognize sharp changes as objects. As such,

even the approaches that show some ability to handle textured environments focus

largely on scene appearance, failing to learn and exploit global context clues that

might align with semantic objects.

We believe that textures pose a challenge to current pixel-space and glimpse-based

methods as they are built to exploit simple visual elements and uniform appearance

that is present in previous datasets, partly due to the reconstruction objectives.

We find evidence for this in our experiments with the dataset variants: consistency

within objects, as seen in our VarBG variant, and consistency in backgrounds

(PlainBG and GrassBG) helps to learn better models than the full ClevrTex

where there is no simple intra- and inter-appearance consistency. Only on simpler

scenes (fig. 2.3) the best performing methods succeed at segmenting some objects.

Thus, ClevrTex offers new challenges for unsupervised multi-object segmentation,
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especially for evaluating generalization. Furthermore, the three variants and two

additional test sets can serve as a diagnostic tool for developing new methods, and

the extensive evaluation acts as a standardized benchmark for current and future

methods.

Limitations The proposed dataset contains a limited number of primitive shapes

and a catalog of 60 materials. Although future models might exploit the non-

exhaustive nature of object appearance, e.g., memorizing object reconstructions

than learning generalizable scene decompositions, we have shown that current

methods are, in fact, faced with a significant challenge, even at a slight increase

of data complexity (e.g., on PlainBG). To further address this limitation, we

have created the OOD dataset, which should serve as an additional test for

the generalization ability of models outside the training distribution. Overall,

ClevrTex is still a synthetic dataset and does not fully close the gap to real-world

data. However, until methods can solve ClevrTex, generalization to real images

is likely out of reach.

Broader Impact The work presented here critically evaluates current approaches

for unsupervised multi-object segmentation. The introduced datasets are fully

simulated renderings of 3D primitives and do not contain any people or personal

information. Our benchmark aims to establish and standardize evaluation practices,

provide new challenges for current algorithms, and help future research compare

with prior work. While ClevrTex is highly important for current research, its

impact outside of the research community is low as current methods can not yet

properly deal with real images.
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CHAPTER 3. GUESS WHAT MOVES: UNSUPERVISED VIDEO AND IMAGE
SEGMENTATION BY ANTICIPATING MOTION

Chapter 3

Guess What Moves: Unsupervised

Video and Image Segmentation by

Anticipating Motion

In the previous chapter, we explored learning from the appearance of the scene

but found that existing methods were limited in their ability to handle visually

complex scenes. In this chapter, we explore an alternative source of information

based on the principle of common fate (P3). We investigate how observation of

motion expressed as optical flow can be used to learn segmentation of objects.

Rather than relying on motion alone, we combine it with appearance information.

We propose to learn an appearance-based binary segmentation model for real-world

scenes by using optical flow as a source of supervision. To enable this, we propose

a loss function that ties together the segmenation of the scene with the optical

flow. We show that this approach can be used to learn segmentation of objects in

real-world scenes for both video and image binary segmenation settings.

This chapter presents a paper that has been published in British Machine Vi-

sion Conference (BMVC), 2022. Additionally, it has been awarded a Spotlight

presentation.
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Abstract

Motion, measured via optical flow, provides a powerful cue to discover and

learn objects in images and videos. However, compared to using appearance,

it has some blind spots, such as the fact that objects become invisible if

they do not move. In this work, we propose an approach that combines

the strengths of motion-based and appearance-based segmentation. We

propose to supervise an image segmentation network with the pretext task

of predicting regions that are likely to contain simple motion patterns, and

thus likely to correspond to objects. As the model only uses a single image

as input, we can apply it in two settings: unsupervised video segmentation,

and unsupervised image segmentation. We achieve state-of-the-art results

for videos, and demonstrate the viability of our approach on still images

containing novel objects. Additionally we experiment with different motion

models and optical flow backbones and find the method to be robust to

these change. Project page and code available at https://www.robots.ox.

ac.uk/~vgg/research/gwm.
*Authors contributed equally.

47

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


3.1 Introduction

The motion of objects in a video can be detected by methods such as optical

flow and used to discover and segment them. A key benefit is that optical flow is

object-agnostic: because it relies on low-level visual properties, it can extract a

signal even before the objects are discovered, and can thus be used to establish an

understanding of objectness.

The potential of motion as a cue is epitomized in video segmentation problems,

where the input is a generic video sequence and the task is to extract the main

object(s) in the video. In fact, some methods [Charig Yang et al. 2021; Meunier

et al. 2022] adopt a motion-only approach to video object segmentation, arguing

that motion patterns are much easier to model and interpret than appearance.

However, this approach ignores appearance cues and is ‘blind’ to stationary objects.

Instead, we propose to use motion as supervision to discover objects in videos

and still images without the need for manual annotations. We observe that

different objects tend to generate distinctive optical flow patterns which can be

well approximated by small parametric models, such as affine or quadratic. We use

this fact to train a segmentation network that, given a single RGB frame as input,

predicts which image regions are likely to contain such patterns. The idea is that

these regions would then separate the objects from the background.

This approach has several useful properties. First, while motion is used for su-

pervising the network, the latter implicitly learns the appearance of the objects,

regularizing the segmentation. Second, because the network works with a single

image as input, it does not observe the motion directly. The model must anticipate

what could move, extracting objects even if they are not in motion. Third, the

network avoids predicting the objects’ motion directly, which is a highly-ambiguous

task given a single image as input; instead, it predicts only the support regions

of the motion patterns, and the training loss measures the compatibility of such

regions with the observed motion according to the assumed motion model.

While we are not the first to consider motion as a cue for decomposing an image into

objects, our particular way of modeling motion is simple and versatile, and allows

two application modes of our approach. First, we consider internal learning for

unsupervised motion segmentation [Ulyanov et al. 2020]. Given one or more videos
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as input (without labels), we optimize a network, as described above, to output

a segmentation of the videos, effectively ‘observing’ motion via backpropagation.

Our approach achieves state-of-the-art performance on standard benchmarks for

unsupervised motion segmentation [Yanchao Yang et al. 2019; Charig Yang et al.

2021].

The second mode is transductive learning for unsupervised image segmentation,

which is intended to assess the generalization capabilities of our model as an image

segmenter. In this case, the network is first trained on a number of training videos

and then evaluated on a disjoint set of images. Since only appearance information

is available at test time, the problem solved is not motion segmentation, but image

segmentation. In this scenario, our model segments novel objects not observed

during training, demonstrating the viability of our approach.

3.2 Related Work

Our work aims to combine motion and appearance cues for unsupervised object

discovery, in that motion can be used as a cue to learn a general object segmenter

for both videos and images. As such, there exist several related areas in literature,

which we review next.

Unsupervised Video Object Segmentation. The aim of video object seg-

mentation (VOS) is to densely label objects present in a video. Current VOS

benchmarks [Perazzi et al. 2016; F. Li et al. 2013; Ochs et al. 2014] usually define

the problem as foreground-background separation, where the foreground comprises

the most salient objects. Efforts to reduce the amount of supervision follow two

main directions, semi-supervised and unsupervised VOS. Semi-supervised methods

require manual annotations for the object(s) of interest in an initial frame during

inference; the goal is to re-localize these objects across the video [Caelles et al.

2017]. Unsupervised VOS aims to discover object(s) of interest without the initial

targets [Faktor and Irani 2014; Papazoglou and Ferrari 2013; Tokmakov et al. 2019;

Jain et al. 2017; S. Li et al. 2018; X. Lu et al. 2019]. However, most unsupervised

VOS methods use, in fact, some form of supervised pre-training on external data.
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Motion Segmentation. In videos, the background is usually relatively static

whereas objects in the scene have independent motion, thus providing a strong

‘objectness’ signal. Thus, many works approach unsupervised video object seg-

mentation as a motion segmentation problem. Several earlier methods address

this problem by grouping point trajectories [Brox and Malik 2010b; Sundaram

et al. 2010; Ochs and Brox 2012; Keuper et al. 2015; Keuper et al. 2020; Ochs

and Brox 2011], motion boundaries [Papazoglou and Ferrari 2013], voting [Faktor

and Irani 2014] and layered models [Chang and III 2013; Jojic and Frey 2001].

More recently, [Xie et al. 2022; Lamdouar et al. 2021] train motion models on

generated scenes with synthetic 2D objects and generalize to real videos. CIS [Yan-

chao Yang et al. 2019] proposes an adversarial framework, where an inpainter is

tasked with predicting the optical flow of a segment based on context, while the

generator aims to create segments with zero mutual information such that the

context becomes uninformative. DyStaB [Yanchao Yang et al. 2021] extends CIS

using the segmentation output of a dynamic model to bootstrap a static one. In

contrast to our method, this yields two separate models to choose from based on

the application (i.e., video or static image segmentation). Instead, AMD [R. Liu

et al. 2021] employs a single model with separate appearance and motion ‘pathways’

and performs unsupervised test-time adaptation for video segmentation. Finally,

MG [Charig Yang et al. 2021] abandons the appearance pathway altogether, directly

segmenting optical flow inputs with a Slot Attention-like architecture [Locatello

et al. 2020].

Closer to our approach, another line of work uses various motion models to group

image regions. Early methods [Jepson and Black 1993; Torr 1998] consider mixture

models of flow to account for the fact that a region may contain multiple motion

patterns. Another line of work [Bideau and Learned-Miller 2016; Bideau et al.

2018] segments object translation directions from motion angle field obtained by

correcting for estimated rotation of the camera. [Mahendran et al. 2018] employ an

affine flow model, using the entropy of flow magnitude histograms for loss to deal

with noisy flow in real world. [Meunier et al. 2022] consider affine and quadratic

motion models, however their method uses flows as input which makes it suitable

only for videos during inference.
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Unsupervised Image Segmentation. While we use motion as a learning signal,

our method yields a general-purpose image segmentation network, separating an

image into foreground and background, without using ground truth masks for

supervision. Early work in unsupervised image segmentation makes use of hand-

crafted priors, e.g. color contrast [M.-M. Cheng et al. 2015; Y. Wei et al. 2012], while

some recent methods also combine handcrafted heuristics to generate pseudo-masks

and use them to train using deep networks [J. Zhang et al. 2018; Y. Zeng et al.

2019; Nguyen et al. 2019]. Others address this problem via mutual information

maximization between different views of the input [Ji et al. 2019a; Ouali et al.

2020]. A recently emerging line of work [Bielski and Favaro 2019; M. Chen et al.

2019; Kanezaki 2018; Benny and Wolf 2020; Voynov et al. 2021; Melas-Kyriazi

et al. 2022b] explores generative models to obtain segmentation masks. Many of

them [Bielski and Favaro 2019; M. Chen et al. 2019; Kanezaki 2018; Benny and Wolf

2020] are based on the idea of generating foreground and background as separate

layers and combine them to obtain a real image. Others [Voynov et al. 2021; Melas-

Kyriazi et al. 2022b] analyze large-scale unsupervised GANs (e.g. BigGAN [Brock

et al. 2019]) and find implicit foreground-background structure in them to generate

a synthetic annotated training dataset. Alternative line of work explores feature

maps of self-supervised Vision Transformers, such as DINO [Caron et al. 2021].

For example, STEGO [Hamilton et al. 2022] supports segmenting multiple classes

in an image, performing semantic segmentation, by distilling features and class

centroids from DINO. In [Melas-Kyriazi et al. 2022a] and TokenCut [Y. Wang et al.

2022], authors model image patches with an affinity graph based on DINO feature

alignment and perform further analysis on this graph to extract masks. [Shin

et al. 2022a] cluster features of a variety of self-supervised backbones to produce

candidate masks, using them to train a segmenter. Instead, our model is trained on

video data using optical flow as a supervisory signal. However, since it only requires

a single image as input at test time, we show that our method is applicable to this

task, providing an alternative approach to unsupervised object segmentation.

Unsupervised Object Discovery. While the above methods often aim to

segment the most salient object(s) in an image, unsupervised multi-object segmen-

tation explores the problem of decomposing a scene into parts, which typically

include each individual foreground object and the background. The usual approach
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is to learn structured object-centric representations, i.e. to model the scene with

latent variables (slots) operating on a common representation [Greff et al. 2019;

Locatello et al. 2020; Emami et al. 2021; Z. Lin et al. 2020b; Crawford and Pineau

2019; C. P. Burgess et al. 2019; Engelcke et al. 2020; Engelcke et al. 2021; Jiang and

Ahn 2020; G. Singh et al. 2022a]. While these methods are image-based, extensions

to video also exist [Kosiorek et al. 2018; Jiang et al. 2020; Crawford and Pineau

2020; Kabra et al. 2021; Zablotskaia et al. 2020; Besbinar and Frossard 2021; Min

et al. 2021; Bear et al. 2020; Kipf et al. 2022; G. Singh et al. 2022b; Monnier et al.

2021]. These methods often operate in an auto-encoding fashion with inductive

bias to separate objects derived from a reconstruction bottleneck [C. P. Burgess

et al. 2019], that is often dependent on the architecture and the latent variable

model. We similarly impose a reconstruction bottleneck on the flow but use a

simple model grounded in projective geometry, with a known closed-form solution.

It is also important to note that unsupervised multi-object segmentation appears to

be significantly more challenging, with current methods exploiting the simplicity of

synthetic scenes [Johnson et al. 2017; Girdhar and Ramanan 2020], while struggling

on more realistic data [Karazija et al. 2021]. Recently, [Bao et al. 2022] explore an

extension of Slot Attention [Locatello et al. 2020], guided by an external supervised

motion segmentation algorithm, to real-world data. However, due to the difficulty

of the problem, they operate in a constrained domain (autonomous driving) and

consider only a limited number of object categories. We instead focus on wide vari-

ety of categories and settings encountered in common video segmentation datasets

and consider both motion and appearance jointly.

3.3 Method

In this paper, we present a method that uses motion anticipation to discover and

segment objects in images without the need for human annotations (overview

in fig. 6.1). We use optical flow from video sequences as supervision for this

problem. However, rather than predicting the flow directly, we task a general image

segmentation network to predict image regions where motion may be explained

by a simple coherent model. Such regions should align with optical flow patterns

produced by objects that could move (but do not have to).
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Figure 3.1: Model Diagram. We train a segmentation network to partition an
image into K components without manual annotations. Our model is trained using
individual frames from video as input and pre-computed optical flow as supervision.
The predicted segments are used to approximate the input flow with piecewise
quadratic flow models and the training loss is formulated as the error between the
reconstructed and the input flow. Appearance features from the backbone are used
to merge the predicted K segments into foreground and background components.
Motion information is not required at test time and inference can be performed on
still images. Optical flow is colorized for visualization only.

3.3.1 Segmentation by Motion Anticipation

Let I ∈ R3×H×W = (R3)Ω be an RGB image defined on a lattice Ω = {1, . . . , H} ×

{1, . . . , W}. Assume that the image is a frame in a video sequence and let F ∈ (R2)Ω

be the corresponding optical flow (extracted from the video by means of an off-

the-shelf optical flow network, such as RAFT [Teed and J. Deng 2020]). The goal

is to decompose the image into K components (or regions), which is a classic

segmentation problem. Hence, we learn a segmentation network Φ(I) ∈ ([0, 1]K)Ω

that, given the image I as input, assigns each pixel u to one of K components in a

soft manner, with probabilities:

P (mu = k | I, Φ) = [(Φ(I))k]u, u ∈ Ω, k ∈ {1, ..., K}. (3.1)

mu = k in eq. (3.1) denotes the predicted mask corresponding to component k

indexed by u. In particular, we seek to separate the foreground and background,

for which one may choose K = 2, although as we show later (section 3.3.2), this

need not be the case.

More specifically, we train Φ to partition pixels according to the Gestalt principle

of common fate [Spelke 1990; Wagemans et al. 2012]. This is done by associating
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each region k ∈ {1, ..., K} to a model θk of the optical flow observed within it.

That is, the optical flow corresponding to an input frame can be approximated

by piece-wise parametric models, representing the motion or flow pattern, of each

component independently. According to the common fate principle, pixels within

the same region are expected to exhibit coherent motion.

A variety of motion models exist for describing the 2D flow of an object ([Mahendran

et al. 2018; Meunier et al. 2022]). These are generally of the form Fu ≈ Au + b,

where parameters A, b can be recovered by solving a system of linear equations. One

common choice is an affine model (where u = [x, y] are pixel coordinates), which is

sufficient if objects are smaller and further away from camera. The affine model,

however, struggles if the depth of an object varies significantly resulting in more

complex flow patterns. To factor out unknown depth information, each object can

be modeled as a plane with a quadratic 8-parameter model [Adiv 1985]. Here, we

allow for more complex geometry than planes, by using a simplified 12-parameter

quadratic model θk = (Ak, bk) with Ak ∈ R2×5 and bk ∈ R2 per region k. In this

case, u = [x, x2, y, y2, xy] ∈ R5 includes quadratic and mixed terms of the pixel

coordinates to model quadratic dependencies. The 12-parameter model also allows

treating each flow direction independently. We assume that the model predicts the

flow up to isotropic i.i.d. Gaussian noise, which results in a simple L2 fitting loss:

− log p(Fu | θk) ∝ ∥Fu − Aku− bk∥2. (3.2)

Summing over all pixels, learning minimizes the energy function:

L(F | θ, I, Φ) ∝
∑
u∈Ω

∑
k

∥Fu − Aku− bk∥2 · p(mu = k | I, Φ). (3.3)

In the expression above, we do not know the flow parameters θk as the network

only predicts the regions’ extent. Instead, we min-out the parameters θk in the

loss itself and compute

L(F | I, Φ) = min
θk∈{1,...,K}

L(F | θ, I, Φ). (3.4)

The energy in eq. (3.2) is quadratic in θk, resulting in a weighted least squares

problem that can be efficiently solved in closed form (see supplementary material).
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Our model is learned from a large collection T of video frame-optical flow pairs

(I, F ), minimizing the empirical risk:

Φ∗ = argmin
Φ

1
|T |

∑
(I,F )∈T

L(F | I, Φ) (3.5)

3.3.2 Over-segmentation

While the 12-parameter model is more powerful than an affine one, it is still not suf-

ficient to model arbitrary flow patterns. In complex scenes that contain foreground

and background clutter, we often observe motion parallax effects. Additionally,

non-rigid objects and self-occlusions can result in complex flow patterns within the

object that are not captured accurately by the quadratic model.

To account for such complexity, we propose to over-segment the input image into

K > 2 regions. Over-segmentation enables the model to use additional regions to

explain several moving objects and to approximate varyingly moving parts of a

single non-rigid object as well as motion parallax. To achieve a binary segmentation

output, one needs a criterion to merge a number of predicted regions down to

foreground and background.

We devise a criterion based on appearance cues to avoid the ambiguity associated

with merging regions based on motion. To this end, we use a pre-trained self-

supervised image encoder, such as DINO-ViT [Caron et al. 2021], to obtain dense

features for the input image and merge the segments predicted by Φ based on feature

similarity. Formally, let Vu denote the feature vector of pixel u obtained by the

self-supervised encoder. Then, V̄k = ∑
u Vup(mu = k | I, Φ)/∑v p(mv = k | I, Φ)

is the average feature vector for segment k, where pixels are weighed by their

probability with which they belong to the segment. We compute the pairwise

similarities of different regions via an affinity matrix Π ∈ RK×K , where entries

corresponding to segments i and j are set as

(Π)ij = max
(

ϵ,

〈
V̄i

||V̄i||2
,

V̄j

||V̄j||2

〉)
, (3.6)

where only feature vectors pointing in the same direction are considered and

ϵ = 10−12 is a small constant that keeps the graph connected. We then perform

spectral clustering [Cheeger 1969; Jianbo Shi and Malik 2000; Melas-Kyriazi et al.
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2022a] into two components using the affinity Π.

3.3.3 Two Scenarios: Motion vs Image Segmentation

We experiment with two modes of application of our model. The first scenario

is internal learning for unsupervised video segmentation, where the network is

evaluated on the same video sequences that have been used for optimization.

This is effectively an unsupervised motion segmentation algorithm because the

network not only receives as input appearance information, but incorporates motion

information via backpropagation, observing indirectly optical flow too. While not

explicitly stated in the respective papers, prior motion segmentation works such

as [Charig Yang et al. 2021; Meunier et al. 2022] also operate in this mode, while

directly observing moving objects, often using optical flow as input.

The second scenario is transductive learning for image segmentation. In this case,

the network is first trained using a number of unlabelled videos, and then used

for single-image foreground object segmentation on an independent validation/test

set of still images. In this scenario, motion is only used as a supervisory signal:

when the network is applied at test time, motion is not considered anymore and

the network operates purely as an image-based segmenter. As for any transductive

learning setting, the goal is to assess the generalization performance of the network

on new images.

3.4 Experiments

As discussed above, our formulation allows us to evaluate our method in two settings:

video object segmentation and general image/object segmentation. We show that

learning a network that guesses what moves not only results in state-of-the-art

performance in video segmentation, but also generalizes to image segmentation

without further training.

3.4.1 Experimental Setup

Architecture. Our formulation enables us to use any standard image segmen-

tation architecture for the model Φ. This has two main benefits: while training

the model needs optical flow (and thus video data), inference can be performed
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Inf. Input Input Flow Runtime DAVIS STv2 FBMS
RGB Flow Resolution Method sec ↓ J ↑ J ↑ J ↑

SAGE[W. Wang et al. 2018] ✓ ✓ – LDOF 0.9 42.6 57.6 61.2
NLC[Faktor and Irani 2014] ✓ ✓ – SIFTFlow 11 55.1 67.2 51.5
CUT[Keuper et al. 2015] ✓ ✓ – LDOF 103 55.2 54.3 57.2
FTS[Papazoglou and Ferrari 2013] ✓ ✓ – LDOF 0.5 55.8 47.8 47.7
CIS[Yanchao Yang et al. 2019] ✓ ✓ 192× 384 PWCNet 0.1 59.2 45.6 36.8
AMD[R. Liu et al. 2021] ✓ ✗ 128× 224 ✗ – 57.8 57.0 47.5
MG[Charig Yang et al. 2021] ✗ ✓ 128× 224 RAFT 0.012 68.3 58.6 53.1
EM[Meunier et al. 2022] ✗ ✓ 128× 224 RAFT – 69.3 55.5 57.8
OCLR[Xie et al. 2022] ✓ ✓ 480× 832 RAFT – 78.9 71.6 68.7
DS‡[Ye et al. 2022] ✓ ✓ 240× 426 RAFT 1800 (22.5)‡ 79.1 72.1 71.8

Ours (UNet) ✓ ✗ 128× 224 RAFT 0.027 78.3 76.8 72.0
Ours (MaskFormer) ✓ ✗ 128× 224 RAFT 0.059 79.5 78.3 77.4

CIS†[Yanchao Yang et al. 2019] ✓ ✓ 192× 384 PWCNet 11 71.5 62.0 63.5
DyStaB†*[Yanchao Yang et al. 2021] ✓ ✓ 192× 384 RAFT – 80.0 74.2 73.2
Ours† (w/ CRF) ✓ ✗ 128× 224 RAFT 3.73 80.7 78.9 78.4

Table 3.1: Unsupervised video segmentation on DAVIS2016, SegTrack-v2 (STv2 ),
and FBMS59. † denotes the usage of CRFs and other extra significant post-processing
(e.g., multi-step flow, multi-crop, temporal smoothing for CIS [Yanchao Yang et al. 2019]).
‡ DS is optimized per sequence; authors report 30 min training time for 80-frame video.
* DyStaB utilises supervised pre-training.

on single images alone just like any image segmentation method. Second, using

a standard architecture allows us to benefit from (self-)supervised pretraining,

ensuring better convergence and broader generalization. We experiment with both

convolutional and transformer-based architectures.

Datasets. For the video segmentation task, we use three popular datasets:

DAVIS2016 (DAVIS) [Perazzi et al. 2016], SegTrackV2 (STv2) [F. Li et al. 2013], as

well as FBMS [Ochs et al. 2014]. For the image segmentation task, we consider the

Caltech-UCSD Birds-200 (CUB) dataset [Welinder et al. 2010] and three saliency

detection benchmarks: DUTS [L. Wang et al. 2017], ECSSD [Jianping Shi et al.

2016], and DUT-OMRON [Chuan Yang et al. 2013].

Optical Flow. Our method derives its learning signal from optical flow. We

estimate optical flow for all frames on DAVIS, STv2, and FBMS following the

practice of MotionGrouping [Charig Yang et al. 2021]. We employ RAFT [Teed and

J. Deng 2020] (supervised) using the original resolution for our main experiments.

Please see the supplement for experiments with other flow methods.

Training Details. We use MaskFormer [B. Cheng et al. 2021] as our segmentation

network, and use only the segmentation head. For the backbone and appearance

features V , we leverage a ViT-B transformer, pre-trained on ImageNet [Russakovsky
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Figure 3.2: Qualitative Comparison on DAVIS, STv2, and FBMS. †– indi-
cates use of CRF. Our method correctly segments objects in challenging conditions
including strong parallax (2nd, 3rdseq.), small objects (4th), background motion
(5th), camouflaged appearance (6th), non-rigid motion (7th) or no motion at all (8th

seq.). In the failure cases, our method is confused by ripples and reflection in the
water, the front wheel rotating in a different direction and multiple disconnected
objects.

et al. 2015] in a self-supervised manner using DINO [Caron et al. 2021] to avoid any

external sources of supervision. We set the number of components to K = 4 unless

otherwise noted. Please see the supplement for all details and hyper-parameter

settings.

3.4.2 Unsupervised Video Segmentation

In Table 5.2 we report our performance on the DAVIS, STv2, and FBMS datasets

and compare to other unsupervised video segmentation approaches. Our method

achieves state-of-the-art performance, even without CRF post-processing. fig. 3.2

provides a qualitative comparison of the results. Our model provides better

segmentation with sharper boundaries despite complex non-rigid motion, parallax

effects or lack-of-motion. However, on challenging scenarios our method still

struggles to segment small details or non-connected instances.

Our method is not restricted to a specific segmentation architecture. To investigate,

MaskFormer is replaced with a simple convolutional U-Net architecture [Ron-

neberger et al. 2015], as in EM [Meunier et al. 2022], and trained from scratch

for a fair comparison. The U-Net based model achieves comparable results on

DAVIS and FBMS and 76.8 on STv2 (table 5.2), outperforming earlier methods

even without transformers.
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Flow Model K DAVIS (J ↑) DAVIS (Joracle↑)

Constant (A = 0) 4 76.8 77.7
Affine (u = [x, y]) 4 77.1 78.8
Quadratic (eq. (3.2)) 4 79.5 81.5

Quadratic (eq. (3.2)) 2 74.5 74.5
Quadratic (eq. (3.2)) 3 77.8 79.5
Quadratic (eq. (3.2)) 4 79.5 81.5
Quadratic (eq. (3.2)) 5 76.0 79.9

Table 3.2: Flow Model and Number of Components. We ablate the choice of
flow model and the number of components K. More complex flow models improve
performance, and over-segmentation helps until the assignment problem between
components and the final binary segmentation becomes too difficult at K = 5.
To evaluate the quality of the clustering of components we also report the oracle
clustering performance as an upper bound.

3.4.3 Flow Model and Number of Components

Using DAVIS, we now study the effectiveness of the individual components of the

method. In table 3.2 we evaluate the performance of the model under different

flow models: constant, affine, and quadratic. We find that more complex models

lead to improved performance, likely due to the fact that manny scenes in the

DAVIS benchmark are highly dynamic with complex objects and backgrounds.

Additionally, in the same table we evaluate how the number of components, K,

influences the final performance after clustering. With K = 2 the model directly

performs foreground-background separation but needs to model each with a single

component which is often difficult, e.g. due to complex motions of deformable

objects and/or parallax effects. Increasing the number of components is beneficial

up to K = 4, after which the assignment problem from over-segmentation to

foreground and background becomes too difficult for simple spectral clustering.

This can be seen by evaluating the segmentation performance under an optimal

oracle assignment of the components to foreground and background (oracle column

in table 3.2). In all cases K <= 4, spectral clustering nearly reaches oracle

performance.

3.4.4 Unsupervised Image Segmentation

While the main aim of our work is object segmentation in videos, we also assess

the image segmentation performance on common image segmentation and saliency

benchmarks: CUB, DUTS, DUT-OMRON, and ECSSD. For this experiment, we
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Figure 3.3: Qualitative Comparison. Our method can extract salient object in
various environments and works even for novel object that were not included in
the training data.

train our model on all three motion segmentation datasets (DAVIS, FBMS and STv2)

jointly and apply the resulting network to the image segmentation benchmarks

without any further fine-tuning. In table 3.3, we report the performance of our

method and compare to the current state of the art. It is worth noting that most

prior work (except [Melas-Kyriazi et al. 2022b; Melas-Kyriazi et al. 2022a; Y. Wang

et al. 2022]) relies on dataset-specific training, self-training, post-processing or

supervised pre-training to achieve image segmentation.

Finally, we evaluate the model qualitatively in fig. 3.3 on all four benchmarks. We

observe our model works well on a diverse set of classes, such as buildings, certain

animals and plants, even though they were not part of the foreground (moving)

objects in the training data.

Limitations. Appendix C.3 contains further experiments and ablations. In

appendix C.3.2, we show that lower quality optical flow estimation limits the

performance of the segmenter. Quality of flow can be approximately measured

using cycle consistency, which could be used as a weighting in the least-squares

reconstruction of our loss to overcome the effect of poor quality flow.
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CUB DUTS ECSSD OMRON
Acc J ↑ maxFβ ↑ Acc J ↑ Fβ ↑ Acc J ↑ Fβ ↑ Acc J ↑ Fβ ↑

Voynov et al.[Voynov et al. 2021] 94.0 71.0 80.7 88.1 51.1 60.0 90.6 68.4 79.0 86.0 46.4 53.3
AMD[R. Liu et al. 2021] – – – – – 60.2 – – – – – –
Kyriazi et al.[Melas-Kyriazi et al. 2022b] 92.1 66.4 78.3 89.3 52.8 61.4 91.5 71.3 80.6 88.3 50.9 58.3
Kyriazi et al.[Melas-Kyriazi et al. 2022a] – 76.9 – – 51.4 – – 73.3 – – 56.7 –
DyStaB†[Yanchao Yang et al. 2021] – – – – – – – – 88.1 – – 73.9
TokenCut[Y. Wang et al. 2022] – – – 90.3 57.6 – 91.8 71.2 – 88.0 53.3 –
SelfMask[Shin et al. 2022a] – – – 92.3 62.6 – 94.4 78.1 – 90.1 58.2 –
Ours 93.5 64.6 80.9 91.5 49.2 65.6 88.5 56.1 74.3 89.3 41.31 56.3

Table 3.3: Unsupervised object segmentation benchmark CUB and three
saliency detection benchmarks: DUTS, ECSSD, and DUT-OMRON (OMRON ). †
DyStaB uses CRF post-processing, supervised pre-training, and self-training on
each dataset. (SoTA only table - please see the supplement for a complete version
of this table including many older methods.)

3.5 Conclusions

We have proposed a simple approach to exploit the synergies between motion

in videos and objectness for segmenting visual objects without supervision. The

key idea is using motion anticipation as a learning signal: we train an image

segmentation network to predict regions that likely contain simple optical flow

patterns, as these have a high chance to correspond to objects. We find that the

complexity of the motion model is important to model complicated flow patters

that can arise even for rigid objects. Our results show that this approach achieves

state-of-the-art performance in video segmentation benchmarks. Future work could

thus consider extensions to more sophisticated motion models, accounting for the

3D shape of objects, and to separate multiple objects.
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CHAPTER 4. UNSUPERVISED MULTI-OBJECT SEGMENTATION BY PREDICTING
PROBABLE MOTION PATTERNS

Chapter 4

Unsupervised Multi-object

Segmentation by Predicting

Probable Motion Patterns

The Guess What Moves (GWM) method presented in the previous chapter was

applied to binary segmentation. The loss in GWM can be lowered by splitting

the object into multiple components to better approximate articulated motion and

various depth discontinuities within the object. This was leveraged to support

articulated motion by predicting multiple components and merging them using

an appearance-based clustering. However, this is limiting when considering scenes

with a variable number of objects, as some objects may be split up into multiple

components without a way to merge them back.

In this chapter, we thus reconsider the problem of learning from motion in a

multi-object setting. To this end, we approach the problem from a probabilistic

perspective and consider the distribution over possible optical flow arrangements.

We show how such an approach improves over previous methods in the multi-object

setting. We also use the loss to complement other appearance-based appraoches,

such as those benchmarked in chapter 2. Finally, we show how our loss enables

learning segmentation of objects in real-world scenes containing multiple objects.

This chapter presents a paper that has been published in Advances in Neural

Information Processing Systems (NeurIPS), 2022.
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Abstract

We propose a new approach to learn to segment multiple image objects

without manual supervision. The method can extract objects form still

images, but uses videos for supervision. While prior works have considered

motion for segmentation, a key insight is that, while motion can be used

to identify objects, not all objects are necessarily in motion: the absence of

motion does not imply the absence of objects. Hence, our model learns to

predict image regions that are likely to contain motion patterns characteristic

of objects moving rigidly. It does not predict specific motion, which cannot

be done unambiguously from a still image, but a distribution of possible

motions, which includes the possibility that an object does not move at

all. We demonstrate the advantage of this approach over its deterministic

counterpart and show state-of-the-art unsupervised object segmentation

performance on simulated and real-world benchmarks, surpassing methods

that use motion even at test time. As our approach is applicable to variety

of network architectures that segment the scenes, we also apply it to existing

image reconstruction-based models showing drastic improvement. Project

page and code: https://www.robots.ox.ac.uk/~vgg/research/ppmp.
*Authors contributed equally.

63

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


4.1 Introduction

Humans have an innate ability to segment individual objects in a picture, but

learning this capability with an algorithm usually relies on manual supervision.

In this paper, we consider the problem of learning to segment objects from visual

data only — without externally provided labels. Algorithms for this task usually

assume that objects are seen in different configurations and in front of different

backgrounds. They then exploit cues such as the visual consistency and the co-

occurrence of characteristic object parts to learn to discover and segment individual

object instances.

Most such methods use still images as input and train with a reconstruction

objective [Greff et al. 2019; Locatello et al. 2020; Jiang and Ahn 2020]. They work

well on simple synthetic scenes, but they struggle in scenes with more complex visual

appearance [Karazija et al. 2021]. This has motivated the development of algorithms

that use videos as input and can thus observe the motion of the objects as evidence

of their presence. A common way of using motion for unsupervised learning is to

seek for a compact representation to reconstruct the video itself [Veerapaneni et al.

2020; Jiang et al. 2020; Z. Lin et al. 2020a; Kabra et al. 2021]. Effectively, such

methods seek for a compressed representation of appearance, but do not sidestep

entirely the difficult task of modeling it. This has motivated authors to look instead

at reconstructing the video’s optical flow [Charig Yang et al. 2021; Kipf et al. 2022].

In fact, the optical flow measures the motion of the objects directly and is much

simpler to model than the objects’ appearance.

In this paper, we propose a method that lies in-between these two classes, i.e. single

image-based and video-based. Our model learns to segment objects in still images,

and is thus based on appearance, but learns to do so using video as a learning

signal, in an unsupervised manner. The learning process can be summarized as

follows. Given an image, each pixel is assigned to a slot that represents a certain

object. The quality of the assignments is then measured by the coherence of the

(unobserved) optical flow within the extracted regions. Because predicting optical

flow from a still image is intrinsically ambiguous, the method models distributions

of probable flow patterns within each region. The idea is that (rigid) objects

generate characteristic flow patterns that can be used to distinguish between them.
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Note that, because the segmentation network is based on a single image, it will

learn to partition all objects contained in the scene, not just the ones that actually

move in the video, i.e. solving an object instance segmentation problem, rather

than motion segmentation.

We derive closed-form distributions for the flow field generated by rigid objects

moving in the scene. We also derive efficient expressions for the calculation of

the flow probability under such models. The problem of decomposing the image

into a number of regions is cast as a standard image segmentation task and an

off-the-shelf neural network can be used for it.

As our method uses videos to train an image-based model, we introduce two

new datasets which are straightforward video extensions of the existing image

datasets CLEVR [Johnson et al. 2017] and ClevrTex [Karazija et al. 2021].

These datasets are built by animating the objects with initial velocities and using

a physics simulation to generate realistic object movement. Our datasets are

constructed with the realistic assumption that not all objects are moving at all

times. This means that motion alone cannot be used as the sole cue for objectness

and reflects scenarios such as a workbench where a person only interacts with a

small number of objects at a time.

Empirically, we validate our model against several ablations and baselines. We

compare our approach to existing unsupervised multi-object segmentation methods

achieving state-of-the-art performance. We demonstrate particularly strong perfor-

mance in visually complex scenes even with unseen objects and textures at test time.

Our experiments in comparison to image-based models and, in particular, adding

our motion-aware formulation to existing models shows substantial improvements,

confirming that motion is an important cue to learn objectness. Furthermore, we

show that our learned segmenter, which operates on still images, produces better

segmentation results than current video-based methods that use motion information

at test time. Finally, we also apply our method to real-world self-driving scenarios

where we show superior performance to prior work.
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4.2 Related Work

Multi-object decomposition. Learning unsupervised object segmentation for

static scenes is a well-researched problem in computer vision [S. M. A. Eslami

et al. 2016; Z. Lin et al. 2020b; Crawford and Pineau 2019; Jiang and Ahn 2020;

C. P. Burgess et al. 2019; Emami et al. 2021; Engelcke et al. 2020; Engelcke et al.

2021; Locatello et al. 2020; Smirnov et al. 2021; Greff et al. 2016; Greff et al. 2015;

Stelzner et al. 2019; K. Xu et al. 2019]. These methods aim to decompose the scene

into constituent parts, e.g. the different foreground objects and the background.

Glimpse-based methods [S. M. A. Eslami et al. 2016; Z. Lin et al. 2020b; Crawford

and Pineau 2019; Jiang and Ahn 2020] find input patches (glimpses) that contain

the objects in the scene. These methods learn object descriptors that encode their

properties (e.g. position, number, size of the objects) using variational inference,

composing glimpses into the final picture. More related to ours are approaches

that learn per-pixel object masks [C. P. Burgess et al. 2019; Emami et al. 2021;

Engelcke et al. 2020; Engelcke et al. 2021; Locatello et al. 2020]. MoNet [C. P.

Burgess et al. 2019] and IODINE [Greff et al. 2019] employ multiple encoding-

decoding steps to sequentially explain the scene as a collection of regions. Slot

Attention [Locatello et al. 2020] uses a multi-step soft clustering-like scheme to find

the regions simultaneously. In all cases, learning is posed as an image reconstruction

problem. In order to align learnable slots with semantic objects, models have to

make efficient use of a limited representation available for each region, such as

learning to only explain visual appearance. This principle, however, is difficult

to extend to visually complex data [Karazija et al. 2021] and relies on custom

specialized architectures. Instead, our method allows for any standard segmentation

architecture to be used, which we train to predict regions that are most likely

described by rigid motion patterns.

Video-based multi object decomposition. Another line of work extends the

unsupervised object decomposition problem to videos [Van Steenkiste et al. 2018;

Kosiorek et al. 2018; Z. He et al. 2019; Weis et al. 2021; Zablotskaia et al. 2021;

Kabra et al. 2021; N. Li et al. 2020b; Kossen et al. 2020; G. Singh et al. 2021; Y. Wu

et al. 2021; Z. Lin et al. 2020a; Jiang et al. 2020]. Many of these methods work

mainly with simpler datasets [Kossen et al. 2020; Zablotskaia et al. 2021; G. Singh et
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al. 2021] and require sequential frames for training. For example, SCALOR [Jiang

et al. 2020] is a glimpse-based method that discovers and propagates objects

across frames to learn intermediate object latents. SIMONe [Kabra et al. 2021]

processes the whole video at once, learning both temporal scene representation

and time-invariant object representations simultaneously. Slot Attention for Video

(SAVi) [Kipf et al. 2022] poses the multi-object problem as optical-flow prediction

using sequential frames as input. The internal slot-attention mechanism drives the

network to learn regions that move in a simple and consistent manner. Different

to our work, it does not assume a specific motion model but relies on directly

regressing the flow. It is computationally more expensive and struggles when only

one or few frames are available.

Unsupervised video object segmentation. Unsupervised video object seg-

mentation (VOS) is a popular problem in computer vision [Faktor and Irani 2014;

Tsai et al. 2016; Papazoglou and Ferrari 2013; Tokmakov et al. 2019; Jain et al.

2017; Charig Yang et al. 2021; Yanchao Yang et al. 2019; S. Li et al. 2018; X. Lu

et al. 2019], that focuses on extracting the most salient object in the scene. Many of

the approaches treat the problem as a motion segmentation task as the background

typically shows a dominant motion independent of the salient object. Motion

Grouping [Charig Yang et al. 2021] employs the Slot Attention architecture to

reconstruct optical flow from itself, avoiding appearance information entirely. In [H.

Chen et al. 2022] objects are iteratively explained away starting from confident flow

segments, which are refined using a graph propagation method. Another related

line of work [Torr 1998; Mahendran et al. 2018; Meunier et al. 2022; Choudhury

et al. 2022] employs approximate motion models. These approaches rely on a

point estimate of the motion model parameters. In contrast, we adopt a more

principled probabilistic approach, placing a prior on the motion parameters and

integrating them out. To deal with flow outliers that do not conform to a rigid

motion model, [Mahendran et al. 2018] use a histogram matching-based loss and

GWM [Choudhury et al. 2022] over-segments the scene relying on spectral clustering

to produce a binary segmentation during inference. Instead, we model the noise

in our formulation directly. Finally, [Meunier et al. 2022] rely on flow as input,

limiting the method to videos only.
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4.3 Method

Let a frame I ∈ R3×H×W of a video and its optical flow f ∈ R2×H×W be defined on

the H×W lattice. The optical flow is a local summary of the motion from one frame

to the next. We use it to supervise a network Φ that, given the (single) image I as

input, predicts soft assignments of each pixel to up to K different image regions,

outputting an H×W collection of probability vectors Φ(I) ∈ ∆̂H×W
K ⊂ [0, 1]K×H×W ,

where ∆̂K is the K−1-dimensional simplex. The quality of the regions is measured

based on how likely they contain flow patterns typical of the motion of independent

objects.

In more detail, we represent the predicted image regions by a hard K-way pixel

assignment (mask) m ∈ ∆H×W
K ⊂ {0, 1}K×H×W , where ∆K is the space of K-

dimensional one-hot vectors. Each mask is a sample from the categorical distribution

output by the network, i.e. m ∼ pΦ(m | I) = Categorical[Φ(I)]. Note that there is

one categorical distribution for each pixel and that these are mutually independent.

We then assume that the flow depends only on the regions, in the sense that

pΦ(f , m | I) = p(f |m) pΦ(m | I), where p(f |m) is a model of the distribution of

the flow field given the regions. The likelihood of the modeled Φ is bounded by:

log pΦ(f | I) = log E
m∼pΦ(m|I)

[p(f |m)] ≥ E
m∼pΦ(m|I)

[log p(f |m)] .

Furthermore, inspired by ELBO, we regularize the model’s prediction pΦ(m | I)

by taking its KL divergence from a uniform prior p0(m), obtaining the learning

objective

Lβ = E
m∼pΦ(m|I)

[− log p(f |m)] + βDKL (pΦ(m | I) ∥ p0(m)) . (4.1)

Next, we introduce the closed-form motion model p(f |m) in eq. (4.1) and then

explain how the Gumbel-Softmax trick can be used to train the network. The

overall approach is summarized in fig. 6.2.

Approximate motion models for optical flow. We now turn to describing

the models of motion used in our work, which play a role in assessing the likelihood

of optical flow p(f | m). Optical flow measures the coordinate change of pixels
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Figure 4.1: Overview of the proposed method. The segmentation network Φ is
trained to predict a distribution over possible image regions. The flow model
p(f |m) is used to assess the likelihood of the optical flow given the regions. The
overall objective is to maximize the likelihood of the optical flow.

between neighboring frames, which arises due to the motion of the camera and

objects. We consider rigid-body motion of some object k.

Let xt
k, yt

k ∈ Rnk be the spatial locations of the pixels belonging to region/object k

at time t, where nk is the number of pixels in the region. For convenience, we stack

the coordinates in a single vector Ωt
k = (xt

k, yt
k) ∈ R2nk . The pixels comprising this

object undergo coordinate change from Ωt
k to Ωt+1

k , giving rise to the optical flow

for this object as fk = Ωt+1
k −Ωt

k. We assume this underlying 3D rigid-body motion

can be approximated using a linear 2D parametric model Πθ with parameters θ, so

that:

Ωt+1
k = Πθ(Ωt

k) + ϵ, fk = Πθ(Ωt
k)− Ωt

k + ϵ, (4.2)

where ϵ captures the residual error of the approximation. Several forms of models

are available (see [Adiv 1985; Bergen et al. 1992] for an overview). Here, we consider

two such models: the translation of an object within the camera plane, and an

affine motion, given respectively by linear functions:

Πtr
θ (Ωt

k) = Ωt
k +

1nk
0

0 1nk


︸ ︷︷ ︸

P tr
k

θ1

θ2

 , Πaff
θ (Ωt

k) =

xt yt 1nk
0 0 0

0 0 0 xt yt 1nk


︸ ︷︷ ︸

P aff
k


θ1
...

θ6

 ,

(4.3)

where we use 1nk
is a vector of nk ones and matrix Pk contains the coefficients of

the model.

The affine model supports object rotation, scaling and shearing in addition to

translation. It is often a sufficient approximation to real-world optical flow, provided
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the objects are rigid, convex, and mainly rotating in-plane.

We can then use the motion equations (4.2) to construct the distribution p(f | m) by

assuming a prior on the motion parameters and by marginalizing over it. Specifically,

denote by mk the k-th slice of the tensor m encoding the regions (i.e. the mask

of the k-th region). We assume that regions are statistically independent and

decompose the log-likelihood p(f |m) as:

log p(f |m) =
∑

k

log p(fk |mk) =
∑

k

∫
log p(fk, θk |mk)dθk. (4.4)

Assuming that each object has i.i.d. parameters θk with a Gaussian prior N (θ; µ, Σ),

and assuming ϵ is a zero-mean noise with variance σ2, eq. (4.2) gives marginal

optical flow likelihood for segment k:

p(fk |mk) = N
(
fk; Πµ(Ωk)− Ωk, PkΣP⊤k + σ2I

)
(4.5)

where I is the identity matrix. A practical issue with eq. (4.5) is that, if segment

k contains nk = ∑
i(mk)i pixels, then the covariance matrix PkΣP⊤k + σ2I has

dimension 2nk × 2nk. Inverting such a matrix in the evaluation of the Gaussian

log-density is very slow except for very small regions. Furthermore, it is not

obvious how to relax eq. (4.4) to support gradient-based learning, e.g. through the

Gumbel-Softmax approximation. We solve these problems in the next section.

Expressions for the likelihood. We now derive expressions for eq. (4.5) which

are efficient and that lead to a natural relaxation for use in the Gumbel-Softmax

sampling. Given the definitions Fk = fk − Πµ(Ωk) + Ωk and Λ = Σ−1, we can

rewrite eq. (4.5) as:

p(fk |mk) = (2πσ2)−nk

(
det Sk

det Λ

)− 1
2

e−
d2

2σ2 , d2 = F⊤k Fk −
1
σ2 F⊤k PkS−1

k P⊤k Fk ,

(4.6)

where Sk = 1/σ2P⊤k Pk + Λ. The significant advantage of this form is that it involves

the computation of the inverse and determinant of matrix Sk, whose size is only

2× 2 (for the translation model) or 6× 6 (for the affine one), instead of the much

larger 2nk × 2nk.

We can more explicitly introduce the dependency on the region assignments m by
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defining selector matrices Rk ∈ {0, 1}2nk×2n (with n = ∑
k nk = HW ) that extract

the x and y coordinates of the pixels that belong to the corresponding region,

i.e. Ωk = RkΩ. We can then also write Fk = RkF and Pk = RkP . Furthermore,

the product of the selectors Lk = R⊤k Rk ∈ {0, 1}2n×2n can be written directly as

a function of the assignment m as Lk(m) = diag(mk, mk). Plugging these back

in eq. (4.6), we obtain expressions involving Lk only:

nk = 1
2 |Lk|1, Sk = 1

σ2 P⊤LkP + Λ, d2 = F⊤LkF− 1
σ2 (F⊤LkP )S−1

k (P⊤LkF).

(4.7)

Translation-only model. Further simplifications are possible for specific models.

For instance, for the translation-only model, assuming that Λ = diag(1/τ 2, 1/τ 2)

then Sk = diag(nk + 1/τ 2, nk + 1/τ 2) and, after some calculations, we obtain the

expression:

− log p(f |m) = n log 2πσ2+
∑

k

log
nk + σ2

τ2

σ2

τ2

+ 1
2σ2 F⊤

(
I −

∑
k

1
nk + σ2

τ2

[
mkm⊤

k

mkm⊤
k

])
F.

Affine model. For the affine model, the expression for − log p(f |m) does not

simplify as much. Still, by exploiting the structure of matrix P aff
k , we can reduce the

calculations to the computation of inverse and determinant of small 3× 3 matrices,

which can be implemented efficiently in closed form. Please see the Appendix for

the derivation. Unless otherwise stated, the mean vector is set to µ = (1 0 0 0 1 0)⊤

centering the prior on the no-motion point.

Gumbel-softmax. In order to train the network using gradient descent, we

need a differentiable version of loss (4.1). To do so, we use the re-parametrizable

Gumbel-softmax relaxation [Maddison et al. 2017; Jang et al. 2017]. The Gumbel-

softmax relaxation replaces categorical samples m ∈ ∆H×W
K from the distribution

pΦ(m | I) = Categorical[Φ(I)] with continuous samples m̂ ∈ ∆̂H×W
K from the

distribution GumbelSoftmax[Φ(I)]. We take N = 3 samples from this distribution

to evaluate the expected negative log-likelihood, further reducing variance. Then

we simply replace m̂ for m in eq. (4.1), leading to differentiable quantities.
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Post-processing. eq. (4.5) naturally encourages the model to form larger regions

to explain parts of the scene that move in a consistent (under the assumed prior)

manner. However, we find that this can also lead to the model grouping together

objects that only coincidentally move together (e.g. all objects mostly falling due to

gravity in one of the datasets). Furthermore, optical flow is ambiguous around object

edges and occlusions. To address both the object grouping and occlusion boundary

issue, we use a simple post-processing step. We isolate connected components in

the model output, selecting the K largest masks, discarding any that are smaller

than 0.1% of the image area, and combining the left-over and discarded ones with

the largest mask overall.

Warp loss. Occasionally, the optical flow used to supervise our model can be

noisy as it is estimated by other methods. This noise is also unlikely to be isotropic

as some surfaces are easier to estimate that others. Rather than supporting

heterogeneous noise and approximation error (eq. (4.2)), we instead prioritize parts

of the scene covered by higher-quality flow. To this end, we introduce an additional

loss term that simply enforces consistency between adjacent frames I1, I2. In

particular, it warps the predicted mask distributions Φ(I1), Φ(I2) using the optical

flow, weighted by the error of warping the frames themselves, as follows:

Lwarp(I1, I2, f1, b2) = w(I2, f1(I1)) · d(Φ(I2), f1(Φ(I1))) (4.8)

+ w(I1, b2(I2)) · d(Φ(I1), b2(Φ(I2))),

w(Ia, Ib) = 1− norm(|Ia − Ib|),

d(p, q) = DKL(p ∥ q)/2 + DKL(q ∥ p)/2,

where f1(·) indicates warping by forward optical flow f1 (or backward b2). The

symmetrized KL divergence, d(·), measured agreement between predicted and

warped mask distributions, weighted by the absolute error of the warped frames

normalized in [0, 1]. While the use of this term is not central to our method, we

include it to show how tolerance to noisy optical flow can be improved. We do

not use the warp loss (eq. (4.8)) in our experiments, unless otherwise indicated by

(WL). In that case, the final loss is simply sum of the two terms: Lβ + Lwarp.
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Figure 4.2: Example images and optical flow of the MovingCLEVR and Mov-
ingClevrTex datasets, which extend CLEVR and ClevrTex respectively to
short videos based on physics simulation. Note that only a subset of objects is in
motion in each frame.

4.4 Experiments

Our method lies in between image-based and video-based segmentation approaches,

because it uses videos for supervision, but trains an image segmentation network

that operates on still images only. We thus evaluate our approach under a number

of settings. Firstly, we evaluate how well motion can be used to supervise an object

instance segmenter that operates on still images. Secondly, we compare such a

segmenter to state-of-the-art object segmentation methods that use motion also at

test time (and are thus advantaged compared to our model). We conduct further

analysis to validate our modelling assumptions and the model’s reliance on the

quality of the optical flow used for supervision. Finally, we apply our method to a

real-world setting.

4.4.1 Experimental setup

Datasets. We evaluate our method on video and still image datasets. For video-

based data, we use the Multi-Object Video (MOVi) datasets, released as part

of Kubric [Greff et al. 2022]. Specifically, we employ MOVi-{A,C,D,E} versions.

MOVi-A is similar to CLEVR [Johnson et al. 2017] in terms of visual complexity

and contains videos of 3–10 falling objects on a simple, gray background. MOVi-C

is significantly more challenging, as it features scanned, textured, common objects

on top of backgrounds textured using HDR images. In MOVi-D, the number of

objects is increased up to 23. In MOVi-E, the camera is additionaly moving. We

use a resolution of 128× 128 and the provided ground truth optical flow.

To evaluate our method on still images, we use CLEVR [Johnson et al. 2017]

and ClevrTex [Karazija et al. 2021] benchmark suites. Both consist of images

depicting 3–10 objects. CLEVR images are simpler with uniformly colored objects
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with metallic or rubbery materials. ClevrTex features more diverse objects

with complex textures applied. We also use the OOD and CAMO test sets from

ClevrTex benchmark. OOD contains out-of-distribution shapes and textures.

CAMO has camouflaged objects where the same texture is sampled for objects

and the background.

Since our method requires optical flow during training, we extend the implementa-

tion of [Karazija et al. 2021] to generate video datasets of CLEVR and ClevrTex

scenes, where a subset of objects contained in each scene are sliding, rolling and

colliding based on a physics simulation (fig. 4.2). We generate 10k sequences for

MovingClevrTex and 5k for MovingCLEVR, where we retain 1000 and 500

sequences, respectively, for validation. Each sequence is 5 frames long. Dataset

details can be found in the Appendix. The evaluation is performed on the original

CLEVR and ClevrTex test sets.

We also evaluate our method on the real-world KITTI [Geiger et al. 2012] benchmark

which depicts street scenes captured from a moving car. We follow the set up

of [Bao et al. 2022], using 147 videos for training and evaluate on the instance

segmentation subset which contains 200 annotated validation frames.

Metrics. Following prior work [Kipf et al. 2022; Karazija et al. 2021], we measure

performance using two metrics. FG-ARI is the Adjusted Rand Index measured

on foreground pixels only (selected using the ground-truth segmentation). Mean

Intersection-over-Union (mIoU), is measured through Hungarian matching and

averaged across the number of predicted or ground truth components, whichever is

higher. When evaluating on videos, we calculate these metrics per-frame.

Network architecture. Our method can employ any image segmentation net-

work architecture and train from scratch. Unless otherwise specified, we use

Mask2Former [B. Cheng et al. 2022], using only its semantic segmentation. Fol-

lowing prior work [Locatello et al. 2020; Kipf et al. 2022], we use a 6-layer CNN

backbone on synthetic datasets and ResNet-18 for KITTI. We also experiment with

Swin-tiny transformer [Z. Liu et al. 2021] as the backbone. We use 11 transformer

queries which become K = 11 slots on CLEVR, ClevrTex, and MOVi-A/C. On

MOVi-D/E, we set K = 24 and K = 22 on KITTI. The model takes approximately
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Table 4.1: Benchmark results on CLEVR, ClevrTex, CAMO, and OOD
comparing FG-ARI and mIoU metrics (see also Appendix for an extended version).
Results are a mean of 3 seeds (±σ). Methods above the line are trained on single
images, while methods below train on videos.† – indicates post-processing.

CLEVR ClevrTex OOD CAMO
Model FG-ARI↑ mIoU↑ FG-ARI↑ mIoU↑ FG-ARI↑ mIoU↑ FG-ARI↑ mIoU↑
SPAIR [Crawford and Pineau 2019] 77.13± 1.92 65.95± 4.02 0.00± 0.00 0.00±0.00 0.00± 0.00 0.00±0.00 0.00± 0.00 0.00±0.00
SPAIR† 77.05± 1.96 66.87± 9.65 0.00± 0.00 0.00±0.00 0.00± 0.00 0.00±0.00 0.00± 0.00 0.00±0.00
MN [Smirnov et al. 2021] 72.12± 0.64 56.81± 0.40 38.31± 0.70 10.46±0.10 37.29± 1.04 12.13±0.19 31.52± 0.87 8.79±0.15
MN† 72.08± 0.62 57.61± 0.40 38.34± 0.73 10.34±0.12 37.28± 1.07 11.97±0.21 31.54± 0.87 8.77±0.18
MONet [C. P. Burgess et al. 2019] 54.47±11.41 30.66±14.87 36.66± 0.87 19.78±1.02 32.97± 1.00 19.30±0.37 12.44± 0.73 10.52±0.38
MONet† 61.36± 7.33 45.61± 4.80 35.64± 1.17 23.59±0.29 31.51± 1.46 23.04±0.52 9.94± 0.50 11.31±0.30
SA [Locatello et al. 2020] 95.89± 2.37 36.61±24.83 62.40± 2.23 22.58±2.07 58.45± 1.87 20.98±1.59 57.54± 1.01 19.83±1.41
SA† 94.88± 1.67 37.68±26.56 61.60± 2.29 21.96±1.79 57.41± 1.92 20.60±1.45 56.85± 1.12 19.42±1.42
IODINE [Greff et al. 2019] 93.81± 0.76 45.14±17.85 59.52± 2.20 29.17±0.75 53.20± 2.55 26.28±0.85 36.31± 2.57 17.52±0.75
IODINE† 93.68± 0.83 44.20±18.67 60.63± 2.50 29.40±1.10 54.92± 2.24 27.96±0.81 38.29± 1.40 18.87±0.52
DTI-S [Monnier et al. 2021] 89.54± 1.44 48.74± 2.17 79.90± 1.37 33.79±1.30 73.67± 0.98 32.55±1.08 72.90± 1.89 27.54±1.55
DTI-S† 89.86± 1.78 53.38± 3.51 79.86± 1.36 32.20±1.49 73.60± 0.97 30.74±1.22 72.89± 1.88 26.30±1.57
GNM [Jiang and Ahn 2020] 65.05± 4.19 59.92± 3.72 53.37± 0.67 42.25±0.18 48.43± 0.86 40.84±0.30 15.73± 0.89 17.56±0.74
GNM† 65.67± 4.23 63.38± 3.76 53.38± 0.67 44.30±0.19 48.44± 0.86 42.87±0.28 15.72± 0.89 18.53±0.75

SAVi [Kipf et al. 2022] — — 49.54 31.88 42.68 30.31 42.67 29.60
Ours 91.69± 0.30 66.70± 0.32 90.80± 0.22 55.07±0.44 76.01± 0.56 46.84±0.20 72.78± 1.31 42.30±1.09
Ours † 95.94± 0.43 84.86± 4.06 92.61± 0.22 77.67±0.25 78.24± 0.43 55.54±0.44 77.43± 0.86 56.43±0.80

48h to train on a single A30 24GB GPU.1 All training details and hyper-parameters

are included in the Appendix.

4.4.2 Unsupervised multi-object segmentation in images

In table B.1, we evaluate our method on the CLEVR [Johnson et al. 2017] and

ClevrTex [Karazija et al. 2021] benchmarks and compare to prior work. Our

method outperforms image models based on appearance reconstruction on both

metrics (mIoU and FG-ARI) and across all datasets. The performance gap increases

on the visually complex ClevrTex, OOD, and CAMO variants, demonstrating

the strong inductive bias that motion provides during training, especially when

the objects are camouflaged. Note that, in this setting, our model is advantaged

compared to the other models in table B.1, as it can observe (through the loss)

the optical flow of the training scenes. For this reason, we also train the optical

flow-based, unconditional SAVi [Kipf et al. 2022] model. Nevertheless, we find that

despite having access to motion information during training, SAVi does not surpass

appearance-only models, likely due to only having access to single frames at test

time.

Post-processing helps improve results further. As shown in fig. 4.3, separating

connected components in post-processing distinguishes objects that might be

assigned to the same mask and suppresses boundary segments that tend to group
1Approx. total compute in this paper: 100 GPU days for our models, 154 GPU days for

comparisons.
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Figure 4.3: Unsupervised object segmentation on CLEVR and ClevrTex bench-
marks. Our model is able to segment simple and visually complex scenes. Occasional
mistakes around object boundaries and the assignment of different objects to the
same component are addressed by post-processing. † – indicates post-processing.

Table 4.2: Segmentation results on MOVi datasets. Mean ± standard error (5
seeds). We calculate metric for each frame. All values in %. (WL) marks use of
warp loss. † – indicates post-processing.

MOVi-A MOVi-C MOVi-D MOVi-E
Model FG-ARI↑ mIoU↑ FG-ARI↑ mIoU↑ FG-ARI↑ mIoU↑ FG-ARI↑ mIoU↑

GWM [Choudhury et al. 2022] 70.30 42.27 49.98 30.17 39.78 18.38 42.50 18.74
SCALOR [Jiang et al. 2020] 59.57 44.41 40.43 22.54 – – – –
SAVi [Kipf et al. 2022] 88.30 62.69 43.26 31.92 43.45 10.60 17.39 5.75

Ours 84.01±0.72 60.08±1.47 61.18±0.84 34.72±0.17 55.74±1.02 23.50±0.35 62.62±0.92 25.78±0.27
Ours† 85.41±1.00 76.19±2.05 61.24±0.85 37.26±0.33 55.18±0.94 25.21±0.29 63.11±0.91 28.59±0.29

Ours† (Swin + WL) 90.08 84.76 67.64 52.17 66.41 30.40 72.73 35.30

difficult occlusion boundaries. For a fairer comparison, we also test if this post-

processing improves the results of other methods but only obtain mixed results.

4.4.3 Unsupervised multi-object segmentation in video

We now evaluate our approach on video segmentation, where motion is available

at test time. We report the performance of our method in Table 4.2 compared

to video-based models: SCALOR [Jiang et al. 2020], unconditional SAVi [Kipf

et al. 2022], and GWM [Choudhury et al. 2022]; the latter two also use optical

flow supervision. It is important to note that SAVi and SCALOR make predictions

jointly over all frames of a video, that allows them to actually see the objects in

76



MOVi-A

Frame                                                                                                                           Flow GWMGT SCALOR SAVi Ours Ours†

+

M
O

V
i-A

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   

MOVi-c

Frame                                                                                                                           Flow GWMGT SCALOR SAVi Ours Ours†

+

M
O

V
i-C

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   
   

   

Figure 4.4: Qualitative comparisons on MOVi-A and MOVi-C. Our method per-
forms consistently well compared to other methods. GWM suffers from oversegmen-
tation where SCALOR has undersegmentation issue. Among the related methods,
SCALOR fails to discover all the objects and SAVi’s object boundaries are coarser
†– indicates post-processing.

motion at test time. Despite this comparison being unfair to our approach, which

operates on a single frame at a time, we achieve competitive results. On the visually

simpler MOVi-A, our method has more than 10% lead over SAVi in mIoU, but

performs slightly worse in terms of FG-ARI. On the more complex MoVi-C/D/E

datasets our model shows strong performance, outperforming prior work on both

metrics, with the performance gap again increasing with data complexity. Finally,

we experiment with a version of the model using a deeper backbone (Swin) and

the warp loss (eq. (4.8)). Though not necessary to achieve state-of-art results, this

drastically improves performance on all metrics and dataset versions. In fig. 4.4, we

also compare these models qualitatively, demonstrating that the different objects

are overall better captured by our model with more refined boundaries, which

explains the higher mIoU.
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Failure mode
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Figure 4.5: Failure cases on MOVi-A and MOVi-C. Our method has difficulty with
objects that typically exhibit complex motion. It results in an over-segmentation
of the object. Due to inherently imprecise optical flow near the boundaries our
method also has a tendency to segment boundary pixels into a separate mask,
which we fix with our post-processing step. †– indicates post-processing.

Table 4.3: Model ablations. (4.3a) replacing flow supervision with an unsupervised
flow method, (4.3b) compares a translation-only with the affine flow model, and
(4.3c) adds our motion-based formulation to an appearance-only model. All models
with post-processing applied.

(a) Choice of Optical Flow Method
MOVi-A MOVi-C

Optical Flow FG-ARI↑ mIoU↑ FG-ARI↑ mIoU↑
SMURF [Stone et al. 2021] 80.17 26.3 61.21 28.77
Ground Truth 83.48 72.61 58.59 35.67

(b) Choice of Motion Model
MOVi-A MOVi-C

Motion Mdl. FG-ARI↑ mIoU↑ FG-ARI↑ mIoU↑
Translation 66.03 59.94 39.77 32.23
Affine 83.48 72.61 58.59 35.67

(c) Adding motion awareness to appearance-only models
ClevrTex OOD CAMO

Model Train data FG-ARI↑ mIoU↑ FG-ARI↑ mIoU↑ FG-ARI↑ mIoU↑
GNM [Jiang and Ahn 2020] ClevrTex 53.38 44.30 48.44 42.87 15.72 18.53
GNM [Jiang and Ahn 2020] MovingClevrTex 18.01 31.47 15.57 15.57 0.21 14.68
GNM+Our Loss MovingClevrTex 63.84 55.26 59.01 48.65 51.00 47.63
SA [Locatello et al. 2020] ClevrTex 62.40 22.58 58.45 20.98 57.54 19.83
SA [Locatello et al. 2020] MovingClevrTex 61.84 21.44 58.24 20.67 57.30 18.82
SA+Our Loss MovingClevrTex 76.60 38.12 67.01 33.95 70.59 33.05

4.4.4 Model ablations

Optical flow. In table 4.3a, we replace the ground-truth optical flow used so far

in our experiments with the one estimated by SMURF [Stone et al. 2021]. The

additional noise impacts our model’s accuracy, as evidenced by the significant drop

in mIoU (but comparable FG-ARI scores).

Motion model. In table 4.3b, we compare our affine motion model to the

simpler translation-only one. We observe that the ability to describe complex

motion patterns with an affine model improves performance over the translation

model, which can only represent translation in the camera plane.

Motion awareness. Finally, we investigate the effectiveness of our objective in

combination with existing appearance-based methods. The goal of this experiment
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is to understand the advantage of using motion information during training (if avail-

able) and to decouple the effect of our formulation from the choice of architecture.

To this end, we employ our objective on top of two models based on appearance

reconstruction, GNM [Jiang and Ahn 2020] and SA [Locatello et al. 2020], with no

other modifications. We train GNM and SA with and without our loss on videos

(MovingClevrTex) and evaluate on the corresponding single-image test sets of

the ClevrTex suite. In table 4.3c, we compare these models respectively to the

original methods trained on static images (ClevrTex). We find that when trained

on video data (MovingClevrTex), without our loss, both GNM and SA struggle.

We attribute this to the reduced number of scenes in MovingClevrTex compared

to ClevrTex. However, we note that using our loss significantly improves the

performance of the appearance methods, suggesting the effectiveness of exploiting

motion information through our formulation.

4.4.5 Segmentation on real-world data

Table 4.4: Real-world
segmentation results on
KITTI. Baseline results
from [Bao et al. 2022].
[Bao et al. 2022] and our
method use RAFT for op-
tical flow. Models above
the line use ResNet-18
backbone. (WL) marks
use of warp loss.

KITTI

Model FG-ARI↑

SA [Locatello et al. 2020] 13.8

MONet [C. P. Burgess et al. 2019] 14.9

SCALOR [Liang Liu et al. 2020] 21.1

S-IODINE [Greff et al. 2019] 14.4

MCG [Arbelaez et al. 2014] 40.9

[Bao et al. 2022] 47.1

Ours 50.8

Ours (WL) 51.9

Ours (Swin + WL) 58.3

We now turn to assessing our model’s performance in

a real-world setting. We follow the setting of [Bao et al.

2022] and evaluate on KITTI [Geiger et al. 2012], using

RAFT [Teed and J. Deng 2020] to estimate optical flow

and ResNet-18 as the backbone of our model, trained

from scratch. We lower the input resolution for our

model from 368× 1, 248 [Bao et al. 2022] to 288× 960,

which enables us to fit on a single GPU. We evaluate

at 96× 320 resolution.

As we show in table 4.4, our method outperforms prior

work on the challenging real-world setting. In the same

table, we also consider our method with an additional

warp loss term, which further boosts performance. We

also experiment with a transformer-based backbone

(Swin) which is also pre-trained using self-supervision.

Although, not necessary to show state-of-art result, this

significantly improves real-world performance.
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4.4.6 Limitations

Motion is sometimes insufficient to distinguish different objects, for instance because

they do not move or because they move similarly. In principle, this should not

matter if sufficient motion diversity is observed in the training data as a whole;

in practice, our model occasionally merges different object at test time, which we

address partly in post-processing. Further improvements could be obtained by

choosing a more informative prior p0(m) in eq. (4.1), to capture other desirable

properties of objects, such as compactness and connectedness.

Figure 4.5 shows some failure cases where the affine motion model struggles to

capture strong perspective effects caused by non-smooth depth changes in the

object geometry. This could be addressed by modeling the object geometry (depth)

and the ensuing complex flow patterns. Alternatively, this could be dealt with using

a hierarchical segmentation model that can account for geometric discontinuities

and self-occlusions. Hierarchical segmentation would also help with pronounced

non-rigid motion (e.g. humans dancing or animals running) as motion could be

explained at the level of object parts. While we approach a more general setting

of multi-object segmentation, the proposed method does not offer any additional

benefits in the limited cases of binary segmentation, such as those explored in

[Choudhury et al. 2022]. We believe that incorporating a quadratic approximate

motion model and hierarchical segmentation would be required to match the

performance of the specialised models, such as GWM [Choudhury et al. 2022], for

the binary case.

4.5 Conclusions

We have presented a method that bridges the gap between image-based and video-

based scene decomposition, in that it requires only a single image as input, yet

exploits motion cues available in videos during training. In comparison to prior

work on image-based multi-object segmentation, our approach shows that motion

provides useful objectness cues, especially as the visual complexity of a scene

increases. Different from video-based approaches, however, our model operates on

still images and does not rely on motion to detect or refine objects, which makes

it more generally applicable. Finally, we deviate from the common objective of
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image or flow reconstruction and, instead, model the problem by only predicting

regions likely to contain affine flow patterns. This does not require a specialized

architecture, thus any segmentation network is suitable for this task. Our approach

achieves state-of-the-art performance on multiple image and video benchmarks,

in simulated and real-world settings, validating the paradigm of training image

models using motion.

Broader impact. Our work introduces a principled method for unsupervised

multi-object segmentation. The work is mainly evaluated on 3D simulated datasets

that do not contain people or personal information. Additionally, we evaluate on

KITTI, a real-world self-driving dataset, which occasionally contains images of

pedestrians. Consent cannot be obtained in this case, but we follow the KITTI

terms of usage. We build on top of open source projects, respecting licenses and

release all code, trained models and datasets for research purposes. Currently, the

application of this approach is mainly limited to simulated imagery. Although

the results on KITTI show promise, the immediate broader impact of our work in

real-world scenarios, beyond the research community, is limited.
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CHAPTER 5. LEARNING SEGMENTATION FROM POINT TRAJECTORIES

Chapter 5

Learning segmentation from point

trajectories

In this chapter, we build on the ideas of previous chapters of learning objectness from

motion. We consider the problem of long-term motion, which can capture intricate

and unique motion patterns. We explore point trajectories as a source of such

long-term motion information and use them to supervise a segmentation network

in lieu of annotations. To enable this, we develop a loss function that measures

whether point trajectories within masks correlate well-enought to belong to a single

object. Our experiments shows that our loss and point trajectories complement

optical flow-based loss and further improve performance in unsupervised video

segmentation.

This chapter presents a paper that has been published in Advances in Neural

Information Processing Systems (NeurIPS), 2024. Additionally, it has been awarded

a Spotlight presentation.
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Abstract

We consider the problem of segmenting objects in videos based on their

motion and no other forms of supervision. Prior work has often approached

this problem by using the principle of common fate, namely the fact that

the motion of points that belong to the same object is strongly correlated.

However, most authors have only considered instantaneous motion from

optical flow. In this work, we present a way to train a segmentation network

using long-term point trajectories as a supervisory signal to complement

optical flow. The key difficulty is that long-term motion, unlike instantaneous

motion, is difficult to model – any parametric approximation is unlikely to

capture complex motion patterns over long periods of time. We instead draw

inspiration from subspace clustering approaches, proposing a loss function

that seeks to group the trajectories into low-rank matrices where the motion

of object points can be approximately explained as a linear combination

of other point tracks. Our method outperforms the prior art on motion-

based segmentation, which shows the utility of long-term motion and the

effectiveness of our formulation.
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5.1 Introduction

Segmentation, the task of delineating and isolating distinct objects, is a fundamental

problem in computer vision. Much of the current approaches are supervised,

relying on expensive manual annotations. Attempts to approach this task without

supervision have largely relied on manual heuristics or exploited the rich semantics

of self-supervised feature extractors. Video data, however, offers an additional

option as it contains motion, which can be exploited for an additional inductive

bias. Such approaches are rooted in the principle of common fate from Gestalt

psychology [Wertheimer 1912], which posits that elements that move together are

more likely to belong together.

Motion information is usually captured by optical flow. Flow is attractive as it

arises from low-level visual properties and can provide a signal before scenes are

parsed and objects are discovered. Furthermore, optical flow estimators, such as

RAFT [Teed and J. Deng 2020] or FlowFormer [Zhaoyang Huang et al. 2022],

can be trained purely on synthetic artificial data, transferring to real-world scenes

with remarkable accuracy and without manual annotation. This has led many to

consider optical flow as a critical modality to discover and learn objects from video

data by learning to attribute and explain the motions of objects.

Optical flow, however, only describes the instantaneous motion of the scene, which

can create blindspots: not all objects are necessarily in motion at all times. Similarly,

groups of objects might coincidentally move together. Recent advances in point

tracking [Karaev et al. 2024; Doersch et al. 2023; Doersch et al. 2022; Harley et al.

2022] offer an alternative form of motion information. Point trackers “lock on” to

a set of query points and describe their position and visibility over the course of

the whole video. This provides long-term motion information. Like optical flow

estimators, point trackers are trained on synthetic data. However, unlike optical

flow, point trajectories describe only a sparse set of points.

In this paper, we ask whether the long-term motion information obtained in

point trajectories is beneficial. To that end, we explore how to supervise image

segmentation networks using motion information with point trajectories. At a

glance, this presents several problems. Firstly, point trajectories are time-varying 2D

point clouds, and combining them with image-based networks is not straightforward.
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Furthermore, the evolution of long-term object motion is too complex, even in the

simplest cases. Our main insight is that the motion of points belonging to the same

object should be well correlated. We thus propose a loss function that encodes this

intuition by seeking to explain groups of points as combinations of other points in

the group. With our method, a segmentation network predicts objects in the scene,

inducing a grouping of trajectories that are currently visible. The loss function

then assesses how well such a grouping explains the long-term motion. While point

trajectories describe motion over a longer time, they are limited by the number

of points tracked, which is often much less than the number of pixels. We thus

propose to train using both trajectory-based loss and optical flow-based loss and

show that spatially sparse but longer-time motion information synergises with

spatially dense optical flow.

Discovering objects using point trajectories has a long history in computer vision.

Our approach is inspired by ideas of subspace clustering, which assume that data

comes from distinct subspaces and seek to reconstruct membership information of

data points. This has previously been applied to the problem of motion segmentation

[G. Liu et al. 2012; Elhamifar and Vidal 2013]. These approaches, however, are

sensitive to noise and either rely on specialised optimisation procedures to recover

a graph of trajectory relationships [Ochs and Brox 2011; Keuper et al. 2016] or

use manual instead [Ochs and Brox 2011; Keuper et al. 2016]. Normalised cuts

or spectral clustering are then used to group the trajectories. However, the need

for an affinity matrix limits the number of trajectories that can be used due to

quadratic memory requirements. Furthermore, “densification” is still required to

extend trajectory clusters to the whole image. By construction, these approaches

can process only a single sequence at a time. Our proposal instead trains an image

segmentation network directly end-to-end using a dataset of videos while supporting

a large number of trajectories.

In summary, our work makes the following contributions. (1) We propose a loss

function that enables training any image segmentation architecture using point

trajectories as a source of supervision. (2) We investigate our proposed loss in a

principled way in a simulated setting, showing the feasibility of our approach. (3)

We apply such a loss in a per-sequence optimisation, outperforming other subspace

clustering baselines. (4) We use our loss to train a single network on a dataset
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of videos for the task of video object segmentation, demonstrating strong results.

(5) We show how our proposed loss formulation obtains better performance than

alternatives.

5.2 Related work

Unsupervised video object segmentation. Video object segmentation (VOS)

aims to label pixels of objects in a video. Current VOS benchmarks [Perazzi et al.

2016; F. Li et al. 2013; Ochs et al. 2014] usually define the problem as binary

foreground-background separation or salient object segmentation. The task is

usually approached in two ways: semi-supervised and unsupervised VOS. Semi-

supervised methods require initial frame annotations and aim to propagate them

to the rest of the video [Caelles et al. 2017]. Unsupervised VOS aims to discover

object(s) of interest without the initial targets [Faktor and Irani 2014; Papazoglou

and Ferrari 2013; Tokmakov et al. 2019; Jain et al. 2017; S. Li et al. 2018; X. Lu

et al. 2019]. This however does not differentiate methods based on data used to

train them. Most of the traditional research in semi- or unsupervised VOS relies

on annotations during training. Our approach, in contrast, does not rely on any

manual annotations to learn. Some authors explore related unsupervised video

instance segmentation [Xudong Wang et al. 2023b] task without any annotations,

object-centric learning appraoches [G. Singh et al. 2022b; Zadaianchuk et al. 2024;

Aydemir et al. 2024], some of which make use of flow [Karazija et al. 2022] and

depth [Safadoust and Güney 2023].

Motion segmentation. A closely related task to video object segmentation is

motion segmentation, which aims to extract the main moving objects in a video.

The practical difference between these two tasks is more difficult to delineate as

the same benchmark datasets are often used. Early works modeled the scenes as

layers [Chang and III 2013; Jojic and Frey 2001], which later works accomplish using

a slot-attention mechanism [Charig Yang et al. 2021; S. Ding et al. 2022; Lao et al.

2023]. Flow mixture models accounted for multiple motion patterns [Jepson and

Black 1993; Torr 1998], and corrections were introduced for rotating cameras [Bideau

and Learned-Miller 2016; Bideau et al. 2018]. Later works [Meunier et al. 2022;

Meunier and Bouthemy 2023a; Choudhury et al. 2022] considered parametric flow
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models fit to explain the scene. AMD [R. Liu et al. 2021] employs a single model

with separate appearance and motion ‘pathways’. Other works train flow-only

models by generating synthetic data, which generalise well to real videos [Xie et al.

2022; Lamdouar et al. 2021]. An alternative line of work adopts a more generative

approach, training an inpainter networks to predict optical flow [Yanchao Yang

et al. 2019; Yanchao Yang et al. 2021]. Several authors [Lian et al. 2023; S. Singh

et al. 2023] adopt a multi-stage self-labelling [Xudong Wang et al. 2023b] approach

for motion segmentation: initial masks are estimated using an optical flow-based

approach, followed by DINO-based refinement and CRF post-processing to generate

pseudo-labels and train a final segmentation network.

Trajectory-based motion segmentation. Trajectory-based motion segmen-

tation has also been explored. Older works consider data of multiple trajectories

and employ non-negative matrix factorization and related decomposition meth-

ods [Cheriyadat and Radke 2009; J. Costeira and Kanade 1995; Elhamifar and

Vidal 2013; Fradet et al. 2009; Rao et al. 2008; Yan and Pollefeys 2006]. This line

of work primarily operates by defining affinity between pairwise trajectories in a

single video setting. In [Brox and Malik 2010b; Ochs and Brox 2012; Ochs et al.

2014; Keuper et al. 2015; Keuper 2017], heuristic graphs are constructed between

trajectories, considering increasingly complex motion models, and employing spe-

cialised solvers to solve the optimisation problem. However, due to the specialised

optimisation procedures and tight coupling with trajectory estimation methods,

this line of work has received less attention than deep methods that exploit optical

flow similarly to RGB frames.

Subspace clustering. A specific kind of trajectory-based technique is subspace

clustering approaches, which rely on the self-expressive property of the data. They

can largely be summarised [Haeffele et al. 2020] as solving a constrained optimisation

problem main : #1 minC ||DC − D||2F + λθ(C) for some dataset D ∈ Rd×n of n

points in d dimensions. C is a matrix of coefficients, which expresses the data

and can be represented as a linear combination of other points. Given a solution

for the coefficient matrix, it is transformed into an affinity matrix for spectral

clustering. The approaches mainly differ in the second term of the objective and

specialized methods to solve the optimisation problem. SSC [Elhamifar and Vidal
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2013] define θ(C) as l1 norm. LLR [G. Liu et al. 2012] use nuclear norm instead,

while LSR [C.-Y. Lu et al. 2012] uses instead l2 regularisation. [C.-Y. Lu et al.

2012; D. Luo et al. 2011; Vidal and Favaro 2014] combines l1, l2, and nuclear

norms. Under some strong assumptions [Haeffele et al. 2020], these approaches

enjoy some theoretical guarantees. However, they are difficult to scale in practice

as the number of points n grows, as C is n× n. Additionally, the secondary step of

spectral clustering is also limiting and difficult to tune. Instead, we take inspiration

from these approaches and propose a way to supervise the network directly using

the self-expressive property of point trajectories.

5.3 Method

Our goal is to solve the video segmentation task in an unsupervised manner: given

a video, we want to segment out the objects that are moving independently within

it. A video is a sequence of frames It ∈ RHW×3, each of which is an RGB image

defined on the lattice Ω = vec({1, . . . , H}×{1, . . . , W}) ∈ RHW×1. To segment the

objects, we self-supervise a neural network Φ that takes as input each frame It in

turn, and outputs a corresponding segmentation mask Φ(It) = Mt ∈ [0, 1]HW×K

where K is the number of possible segments we expect to observe in the video.

Segmentation matrix entries softly assign each pixel to one of K possible segments.

The challenge is how to supervise the network Φ without labels, utilising only the

video itself as training material. The key inductive principle that we propose to use

is that physical points that belong to the same object tend to have highly correlated

motion, often called principle of common fate. When these points are projected to

pixels, they result in corresponding highly correlated apparent motions, which we

can measure using techniques like optical flow and point tracking. Therefore, we

propose to supervise the network Φ from an analysis of apparent motion extracted

automatically from the video using off-the-shelf components.

Motion can be measured at two temporal scales. Optical flow extracts instantaneous

motion, measuring the 2D velocity of the 3D points found at each pixel in each video

frame. Point tracking extracts long-term motion, estimating the 2D location of a

certain number of 3D points throughout the video’s duration. These two sources

of information are complementary. Optical flow is dense, easy to extract, and
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easy to model to discover correlations within it; however, by considering different

times in isolation, it ignores most of the correlations that exist in the data. Tracks

are sparse, more difficult to extract and harder to model, but potentially contain

information ignored by optical flow.

Prior works such as [Choudhury et al. 2022] have studied how to model optical

flow for segmentation. Here, motivated by a new generation of high-quality point

trackers [Karaev et al. 2024; Doersch et al. 2023; Doersch et al. 2022; Harley et al.

2022], we aim at developing the machinery necessary to use track information

as well. From this analysis, we construct losses which assess the quality of the

predicted mask Mt given the video itself. Next, we introduce two such losses, one

for optical flow from prior work, and a new one based on point tracking.

5.3.1 Learning from optical flow

First, we describe the case of optical flow. Because optical flow is instantaneous, we

can fix our attention on a specific frame I and corresponding mask M , dropping

for now the time index t. The optical flow F ∈ RHW×2 for this image associates a

2-dimensional flow vector to each of the H ×W pixels. Each flow vector can be

understood as the velocity of the pixel.

Let Mk ∈ RHW×1 be the binary matrix for segment k, obtained by extracting the

k-th column of M . Let Fk = Mk⊙F denote the Hadamard (element-wise) product

between the mask and flow vectors, broadcasting the mask along the rows.

Assuming that the object is rigid, the optical flow can be approximated as a

linear parametric model of 2D coordinate embeddings (see [Adiv 1985] for an

overview). Following [Choudhury et al. 2022], we consider a six-dimensional

quadratic embedding kernel emb([x, y]) = [x, x2, y, y2, xy, 1] ∈ R1×6 for pixel

coordinates [x, y] ∈ Ω and associate to each region k a corresponding set of 12

parameters θk ∈ R6×2. Optical flow vectors within a region should be expressible

as a linear combination of these six basis functions.

We then consider all pixels embeddings stacked in a single matrix Ek = Mk⊙emb(Ω)

where the product with the soft mask ensures that the embeddings are “active”

only if the corresponding pixels are. The optical flow vectors in the region are then
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approximated as

Fk ≈ F̂k = Ekθ̂k where θ̂k = (E⊤k Ek)−1E⊤k Fk, (5.1)

where θ̂k is obtained via least square. We can use the residual of this approximation

as a measure of how well the mask Mk fits the data:

Lf (M |F ) =
∑

k

∥Fk − F̂k∥2
F =

∑
k

∥Fk − Ekθ̂k∥2
F . (5.2)

Intuitively, this considers the correlation of pixel motion in the spatial sense: how

pixel coordinates determine its motion based on motion parameters θk.

5.3.2 Learning from trajectories

Having covered optical flow, we move now to developing an analogous loss for

tracking. We write P ∈ R2T×N for the track matrix, with one trajectory per column.

With slight abuse of notation, we write (P )t ∈ R2×N for indexing rows corresponding

to point locations at some time t. To connect pixel-wise masks and sparse points, we

use a sampling operation π(·), writing π(Mk, (P )t) = M̂k ∈ [0, 1]N×1 for mask values

at point locations at an appropriate time. Furthermore, we denote by Pk = P ⊙ M̂k

the masked version of the trajectory matrix, selecting the columns/trajectories that

belong to object k with obvious broadcasting of the mask values.

Unlike optical flow, trajectories are too complex to be modelled using a small set

of fixed basis functions. Instead, we posit that the set of trajectories should be

low-rank — all trajectories belonging to the same object should be explained well

by a linear combination of some small number of trajectories. We illustrate this

intuition in fig. 5.1 using a 2D example.

This assumption results in a factorization of Pk using singular value decomposition

(SVD) as Pk = UkΣkV ⊤k , where (Uk, Σk, Vk) = SVD(Pk). As Pk should be low-rank,

we can thus form an approximation using truncated SVD, by considering only first

r components. We write ⌊Uk⌋r to denote such truncation. With this, we obtain

the loss

Lrec@r(M |P ) =
∑

k

∥∥∥Pk − ⌊Uk⌋r⌊Σk⌋r⌊Vk⌋⊤r
∥∥∥2

F
. (5.3)

Since truncated SVD offers optimal decomposition for the error above, lowering
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Figure 5.1: Illustrative 2D example for the low-rank nature of Pk. A
triangle undergoes rigid rotation over three frames. As the rate of rotation is not
constant, the flow vectors and point positions are difficult to model. However, the
point p is part of the triangle and can be expressed as a combination of the three
vertices at an appropriate time. Thus, the last column of Pk is linearly dependent,
and Pk is rank deficient. Any points in the triangle could be included in Pk without
increasing its rank.

this loss amounts to making Pk as close as possible to rank r, i.e., by grouping

trajectories into Pk that do not increase its rank, and should come from rigid

objects.

As we show in section 5.5.3, we found an alternative formulation of this idea works

better. Note the rank r matrix has the r-th and all later singular values as 0. We

can optimise singular values higher than r-th to be close to 0 (ignoring Uk and Vk).

Thus, for trajectories, we formulate a loss simply as:

Lt(M |P ) =
∑

k

min(2T,N)∑
i=r

σi(Pk), (5.4)

where σi(Pk) is the i-th singular value of Pk. We assume r ≪ min(2T, N).

Meaning of decomposition. We show that under certain simplifying assump-

tions, the decomposition in (5.3) is exact and models time-varying camera motion

and object geometry as two terms. We consider a simple case of a rigid body

motion observed through a perspective camera. For points on the object, we can

consider only the relative motion between the camera and the object and attribute

it all to the camera for simplicity.

Given (stacked) camera projection matrices Wt ∈ R3T×4, points X̃k ∈ R4×N in

homogenous coordinates that remain at constant projective depth d ∈ RN×1 from

the camera over the whole sequence, we note the following equation [Hartley and

A. Zisserman 2004]:

P̃k = WtX̃k diag(d)−1, (5.5)
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Figure 5.2: Overview of our approach. We self-supervise a segmentation
network, i.e. without access to mask annotations, using both short-term motion
information (optical flow) and long-term motion (point trajectories). We design a
loss function that encourages the segmentation network to cluster regions where
trajectories form low-rank-r groups, which should align well with objects. Off-
the-shelf methods are used to estimate optical flow and point trajectories given a
dataset of videos.

where P̃k ∈ R3T×N is Pk in homogenous coordinates. Both Wt and X̃k diag(d)−1

can be recovered by considering a truncated SVD at rank 4: Wt = ⌊Uk⌋4⌊Σk⌋4, and

X̃k diag(d)−1 = ⌊Vk⌋⊤4 .

The trajectory matrix factorises into the time-varying camera matrices and object

geometry. As the depth is not constant in the real-world setting, this decomposition

is approximate and suggests the following alternative loss:

Lper =
∑

k

∥P̃k −WtX̃k diag(d)−1∥2
F , (5.6)

where Wt, and X̃k diag(d)−1 are obtained via SVD as above.

Choice of r. Setting r correctly is important. Intuitively, it captures the degrees

of freedom present in the trajectory data or the number of trajectories that are

sufficient to form a basis. From the analysis above, we saw that rank r = 4

corresponds to assuming constant depth and perspective camera. However, higher r

is needed to tolerate changing depth and tracking errors [Hartley and A. Zisserman

2004; J. P. Costeira and Kanade 1998]. Similarly, not all motion is rigid in real-

world videos, which also requires increasing r. We empirically determined r = 5 to

yield good results.
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5.3.3 Training a segmenter using flow and trajectories

The losses above require optical flow F , trajectories P , and masks Mk obtained

using a segmentation network Φ(I) = M . This suggests a simple procedure of

training a segmentation network given a dataset of videos, which we summarise

in fig. 6.2. We precalculate optical flow for each frame and obtain a set of point

trajectories for each video using off-the-shelf pretrained networks. For training,

we consider triples of (I, F, P )i for each frame i, where for trajectories P , we take

trajectories for which the points are visible in the image I. This can be accomplished

by making use of visibility predictions in the output of point trackers or calculating

trajectories by querying points in each frame. We use bilinear sampling for π(·) to

obtain mask values at trajectory coordinates.

Temporal smoothing. We include a temporal smoothing loss, which matches

mask predictions between two frames offset by ∆t using the predicted trajectories:

Lτ = ∥π(Φ(It), (Pt)t)− π(Φ(It+∆t), (Pt)t+∆t)∥2
2 , (5.7)

where It is the t-th frame and Pt are trajectories associated with t-th frame. We

write the final loss as: L = λfLf + λtLt + λτLτ , where λf , λt, λτ balance the

contribution of the different loss terms.

Choice of k. Following prior work [Choudhury et al. 2022], we set k, the number

of predicted masks, to be higher than the maximum number of objects in the scene

to account for potential parallax and non-rigid motion. In the binary segmentation

case, we recover two components by considering the average appearance feature of

each component and solving for the normalised cut on a graph with k nodes.

5.4 Feasibility study

Our proposed trajectory loss (5.4) enables training a segmentation network using

trajectory data. We first show the feasibility of the proposed cost function in a

controlled setting, without actually training Φ. To this end, we consider a synthetic

scene from the MOVI-F Kubric [Greff et al. 2022] dataset for which we obtain

ground-truth trajectories for every point and ground-truth object segmentation
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Figure 5.3: Feasibility analysis of Lt. Using a synthetic sequence (left), we vary
the amount of noise η injected into the mask, the temperature τ of the mask logits
and plot the loss value as a function of the mask under/over segmentation. The
plots show that the loss is reduced in low-noise, low-entropy settings and penalises
both over- and under-segmentation.

masks. We explore the loss landscape of the proposed formulation by corrupting

the segmentation masks along several principled axes and studying the effect of

such corruptions on the trajectory loss.

First, we consider a random alteration of mask pixels, which we refer to as mask

noise. We control the amount of mask noise using η such that 0.0 corresponds

to no pixels changed and 1.0 corresponds to completely random masks. Along

this axis, we test whether our loss favours predictions with lower noise. Second,

we consider structural alterations, namely under/over-segmentation. To simulate

under-segmentation, we merge object masks with the background at random. To

simulate over-segmentation, we randomly split the existing object mask into two

parts in the middle along either the x or y-axis. We represent this type of mask

corruption using integers. Negative values indicate the number of objects removed,

while positive values correspond to new objects generated from existing ones. Such

structural corruption investigates whether the loss can correctly identify the number

of moving objects. Finally, we consider the “softness” of the predicted masks by

transforming masks into logits and increasing the temperature τ in the softmax

operation. This tests whether the loss will prefer low-entropy values. We leave

further details of the corruption procedure to appendix E.4.

The results of these analyses are shown in Figure 5.3. All three plots show the

loss value as a function of structural corruption. The trajectory loss decreases

as the noise and temperature of the masks are reduced, as seen in the first two

plots. The third plot also shows that such solutions are preferred in combination.

Furthermore, we observe that the loss values are lower when the correct number

of segments is detected, and this holds even in the presence of noise or when masks
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are more uniform. Note, however, that over-segmentation is penalised less than

under-segmentation, i.e. missing moving objects leads to a higher value of the loss

than, e.g. splitting an object into several components.

5.5 Experiments

In this section, we evaluate our approach for unsupervised motion segmentation and

compare it with simple baselines and prior subspace clustering methods. Next, we

compare our method with state-of-the-art methods for unsupervised video object

segmentation across several datasets in a binary segmentation setting. We finish

with ablation experiments of our approach.

Datasets. We consider four primary datasets in this study. We use the synthetic

MOVi-F variant of the Kubric [Greff et al. 2022] dataset with ground truth

trajectories for comparison with subspace clustering-based approaches. We adopt

this setting to eliminate noise in point trajectories as previous methods are sensitive

to it. We report the adjusted Rand index (ARI) as the main metric, measuring how

close clustering is to the ground truth up to the permutation of cluster identities,

where 1 is a perfect match, and 0 means roughly random assignment. We also

report FG-ARI, i.e. ARI only on foreground pixels (determined by ground truth

masks), which identifies how well different objects are separated.

We also evaluate our approach on real-world datasets: DAVIS 2016 [Perazzi et

al. 2016], SegTrackv2 (STv2) [F. Li et al. 2013], and FBMS [Ochs et al. 2014],

which are popular benchmarks for video object segmentation. Following standard

practice [Charig Yang et al. 2021; Yanchao Yang et al. 2019], foreground objects in

STv2 and FBMS are consolidated. We report the Jaccard (J ) score, computed

using Hungarian matching between predicted and ground truth segmentations.

Implementation. For the experiments on real-world datasets, optical flow is

estimated using RAFT [Teed and J. Deng 2020] and point trajectories using

CoTracker [Karaev et al. 2024]. Trajectories are computed within a context window

f = 20 around each frame, with reflection padding around video boundaries,

resulting in chunks of T = 2f + 1 = 41 frames. To reduce the effect of noisy

predictions, we also filter trajectories along the time dimension using an average
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filter with a window size of 11. For the experiments on MOVi-F, a small U-Net

[Ronneberger et al. 2015] is trained as the segmentation network, starting from

random initialisation. For fairness of comparisons on DAVIS, STv2 and FBMS, we

use the same architecture as in [Choudhury et al. 2022] — MaskFormer with DINO

backbone. We specify further details in appendix E.5.

5.5.1 Comparison to trajectory-based methods

Table 5.1: Comparison of our
LRTL trajectory-based for-
mulation with prior methods.

MOVi-F

Method ARI↑ FG-ARI↑

K-Means 15.26 42.53

SSC[Elhamifar and Vidal 2013] 11.12 39.21

LRR[G. Liu et al. 2012] 7.47 37.36

LRTL (Ours) 46.07 65.76

In table 5.1, we compare our low-rank trajectory loss

(LRTL) with prior subspace clustering approaches in

a per-video optimisation setting. Subspace cluster-

ing operates on a similar intuition to our proposed

trajectory loss by a grouping of trajectories that

should be linearly dependent. We also consider K-

means clustering of trajectories as a simple baseline.

For fair comparisons, we train our segmentation

model optimising only the trajectory loss (Lt). We use k = 25 components for each

video and train for 5000 steps. This is comparable to the computation requirements

and steps of other methods. For K-means, SSC [Elhamifar and Vidal 2013] and

LRR [G. Liu et al. 2012], we search for an optimal set of hyperparameters and

the number of components k, reporting the best results. Our approach shows

significantly stronger performance than simple K-Means and subspace clustering

approaches.

5.5.2 Unsupervised video object segmentation

We compare to recent methods on the unsupervised video object segmentation task

without first-frame prompting or post-processing. In this setting, we train a single

network on the benchmark datasets for binary video segmentation. We compare

with single-sequence methods that perform optimisation for each sequence/video

individually. Additionally, we benchmark dataset-wide single-stage end-to-end

methods where training is performed over multiple videos simultaneously, training a

network in an end-to-end manner. We also compare with multi-stage methods that

train and re-train several networks. We report our results on standard benchmarks

in table 5.2. While the closest prior work relies on multiple stages of training,
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Table 5.2: Unsupervised video segmentation on DAVIS, SegTrackv2, and
FBMS. Where possible, we report results without widely applicable post-processing
(e.g. CRF) or indicate results in grey.

Inf. Input Input Motion Est. DAVIS STv2 FBMS
Method RGB Motion Resolution Method J ↑ J ↑ J ↑

Single-sequence methods
FTS[Papazoglou and Ferrari 2013] ✓ ✓ – LDOF[Brox and Malik 2010a] 55.8 47.8 47.7
CUT[Keuper et al. 2015] ✓ ✓ – LDOF[Brox and Malik 2010a] 55.2 54.3 57.2
DS[Ye et al. 2022] ✓ ✓ 240× 426 RAFT[Teed and J. Deng 2020] 79.1 72.1 71.8
Ponimatkin et al.[Ponimatkin et al. 2023] ✓ ✗ 480× 848 ARFlow[Liang Liu et al. 2020] 80.2 74.9 70.0
OCLR[Xie et al. 2022] (test ft.) ✓ ✓ 480× 848 RAFT[Teed and J. Deng 2020] 80.9 72.3 69.8

Single-stage end-to-end methods
OCLR[Xie et al. 2022] ✗ ✓ 112× 224 RAFT[Teed and J. Deng 2020] 72.1 67.6 65.4
DivA[Lao et al. 2023] ✓ ✓ 128× 224 RAFT[Teed and J. Deng 2020] 72.4 64.6 60.9
Meunier et al.[Meunier and Bouthemy 2023b] ✗ ✓ 128× 224 RAFT[Teed and J. Deng 2020] 73.2 55.0 –
GWM[Choudhury et al. 2022] ✓ ✗ 128× 224 RAFT[Teed and J. Deng 2020] 79.5 78.9 78.4

Multi-stage methods
RCF[Lian et al. 2023] ✓ ✗ 480× 848 RAFT[Teed and J. Deng 2020] 80.9 76.7 69.9
LOCATE[S. Singh et al. 2023] ✓ ✗ 480× 848 ARFlow[Liang Liu et al. 2020] 80.9 79.9 68.8

LRTL (Ours) ✓ ✗ 192× 352 RAFT[Teed and J. Deng 2020] 82.2 81.2 79.6CoTracker[Karaev et al. 2024]

pseudo-labelling, applying CRF, and retraining, our end-to-end trained method

shows better performance at lower resolutions. We attribute this to the effectiveness

of our approach in incorporating long-term motion information.

In fig. 5.4, we show qualitative results of our approach and compare with RCF [Lian

et al. 2023], a state-of-the-art multi-stage approach. Our network trained with both

flow and trajectory losses yields segmentations with noticeably better boundaries

despite operating at a lower resolution. Notably, our formulation also effectively

avoids segmenting shadows and water ripples of the swan, which are difficult to

separate based on instantaneous motion alone.

Figure 5.4: Qualitative comparison of our results on DAVIS with RCF which uses
higher resolution and multi-stage training. Our method contains slightly better
boundaries, does not segment shadows and separates water ripples from the swan.
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Table 5.3: Alternative losses to our
proposal. Other variants do not match
the performance of our formulation.

Loss DAVIS (J ↑)

Lrec@3 (5.3) 11.1
Lper (5.6) 18.2
Lrec@5 (5.3) 14.6

tracks-as-flow 65.3

Ours Lt (5.4) 71.9

Table 5.4: Ablation of loss terms. All
loss terms synergise to improve perfor-
mance.

Loss DAVIS (J ↑)

λfLf 78.5
λtLt 71.9

λtLf + λtLt 81.7

λtLf + λtLt + λτLτ 82.2

5.5.3 Ablations

Alternative losses. We have explored several alternative formulations of the

trajectory loss in our approach and present the analysis in table 5.3. Losses based

on full SVD reconstruction fail to train a network sufficiently. Lper performs the

best out of these, likely as DAVIS contains several scenes with a panning camera

tracking a rigid object at an approximately constant distance, which matches the

assumptions. Increasing or decreasing the rank of the approximation performs

worse. We also consider track-as-flow loss, where trajectories P are treated as

optical flow by subtracting positions from adjacent times. Then, for T frames,

eq. (5.2) can be applied. We find that such a formulation still underperforms in

comparison to our trajectory-based formulation (eq. (5.4)).

We believe our formulation provides better results than the above for two possible

reasons. First, by minimising higher-than-r singular values, we are not strictly

enforcing assumptions like rigidity. Second, our loss formulation is more numerically

stable as it requires only gradients w.r.t. to the singular values. As we seek to

drive them close to zero, the matrices Pk become increasingly ill-conditioned as

the training progresses. Additionally, gradients w.r.t. U and V ⊤ depend on inverse

singular values Σ−1 [Townsend 2016], which become numerically unstable as they

are approaching zero. On the other hand, d Σ = IN ◦ (U⊤ d Pk V ) does not have

this problem.

Influence of losses. In table 5.4, we consider the method with only the flow loss

component and only the trajectory loss component. We find that our trajectory-

based loss improves flow-only performance. Using only trajectory-based loss shows

weaker performance than just optical flow, likely due to using only a sparse set

of points and the noise introduced by estimating positions for occluded points.
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Ablating temporal smoothing loss slightly lowers performance as well.

Limitations. While we have demonstrated the effectiveness of learning segmenta-

tion from long-term motion, there is potential for further improvements in leveraging

point trajectories. First, while modern trackers predict reasonable positions for

occluded points, naturally, these predictions are less accurate. Thus, a more explicit

handling of occlusions and tracking noise would likely help. Second, we currently

only use trajectory estimates from nearby frames for training. This means that we

sometimes track the same point multiple times, which could be avoided with caching

trajectories. While we handle non-rigidity using over-segmentation, extending this

principle to video with multiple non-rigid objects is an important feature direction.

5.6 Conclusion

We have introduced a principled method to train an image segmentation network

using long-term motion information expressed as point trajectories. Our trajectory

loss formulation follows the principle of common fate and aims to group trajectories

into low-rank matrices, representing the idea the motion of points belonging to the

same object can be roughly explained as a combination of other points. Using syn-

thetic data we have shown that such a loss should prefer low-noise and low-entropy

solutions as well as identify the correct number of moving objects. In comparison

with other methods, our loss formulation has shown superior performance compared

to subspace clustering baselines on synthetic data and achieved state-of-the-art

results on unsupervised video object segmentation benchmarks when combined

with optical flow-based loss.
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CHAPTER 6. DIFFUSION MODELS FOR OPEN-VOCABULARY SEGMENTATION

Chapter 6

Diffusion Models for

Open-Vocabulary Segmentation

In previous chapters, we explored how motion can be used to find and segment

objects in images and videos. This can be thought of as a bottom-up approach

where a low-level signal is used to induce appropriate groupings. We now turn to

investigating language as a source of information to learn about various objects.

Language already provides a rich structure with different terms used to identify

and describe objects. This structure can be used to guide the discovery of objects

and their appearances in a top-down manner. In this chapter, we explore how

naming (P4) enables delineating objects in images. We propose a method that

adapts a language-conditioned diffusion model to construct an open-vocabulary

segmentation model without any additional training or fine-tuning. This shows

that text-to-image generative diffusion models already learn necessary information

about various objects, which can be used to segment them.

This chapter presents a paper has been published in European Conference on

Computer Vision (ECCV), 2024. Additionally, it has been awarded an Oral

presentation.
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Abstract

Open-vocabulary segmentation is the task of segmenting anything that

can be named in an image. Recently, large-scale vision-language modelling

has led to significant advances in open-vocabulary segmentation, but at the

cost of gargantuan and increasing training and annotation efforts. Hence,

we ask if it is possible to use existing foundation models to synthesise on-

demand efficient segmentation algorithms for specific class sets, making

them applicable in an open-vocabulary setting without the need to collect

further data, annotations or perform training. To that end, we present

OVDiff, a novel method that leverages generative text-to-image diffusion

models for unsupervised open-vocabulary segmentation. OVDiff synthesises

support image sets for arbitrary textual categories, creating for each a set of

prototypes representative of both the category and its surrounding context

(background). It relies solely on pre-trained components and outputs the

synthesised segmenter directly, without training. Our approach shows strong

performance on a range of benchmarks, obtaining a lead of more than 5%

over prior work on PASCAL VOC.
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Figure 6.1: OVDiff is an open-vocabulary segmentation method that, given an
image and a free-form set of class names, can segment any user-defined classes. It
is fully automatic and does not require any further training.

6.1 Introduction

Open-vocabulary semantic segmentation is the task of segmenting images into

regions matching several free-form textual categories. As the field of Computer

Vision moves towards large-scale general-purpose models, open-vocabulary “foun-

dation” models have similarly emerged. Yet, the development of ones suitable

for dense localisation tasks such as semantic segmentation incurs both enormous

training costs and requires expensive mask annotations. Instead, we show that the

open-vocabulary segmentation task can be effectively tackled starting from a set of

frozen foundation models, without requiring additional data or even fine-tuning.

In order to do so, we introduce OVDiff, a method that turns existing foundation

models into a “factory” of image segmenters, i.e., using foundation models to syn-

thesise on-demand a segmenter for any new concepts specified in natural language.

Thus, OVDiff can be used for open-vocabulary segmentation, where it achieves

state-of-the-art results in standard benchmarks. Moreover, once synthesised, the

segmenters can be efficiently applied to any number of images and easily extended

to new categories.

Specifically, segmenting an image using OVDiff can be done in three steps: gen-

eration, representation, and matching. Given a textual prompt, OVDiff uses an

off-the-shelf text-to-image generator like StableDiffusion [Rombach et al. 2022]

to generate a support set of images. In the representation step, we use a feature

extractor (that can be the same network as in the generation step) to extract feature

prototypes that represent the textual category. Finally, we use simple nearest-
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neighbour matching scheme to segment the target image using the prototypes

computed in the previous step.

This approach differs from prior work that largely approaches the problem in

either of two ways. Starting from multi-modal representations (e.g., CLIP [Radford

et al. 2021]) to bridge vision and language, the first way relies on labelled data

to fine-tune image-level representations for the segmentation task. Hence, in line

with the zero-shot setting [Bucher et al. 2019], these methods require costly dense

annotations for some known categories while also extending the segmentation to

unseen categories by incorporating language.

The second category of prior work [Jiarui Xu et al. 2022; Ren et al. 2023; Jilan Xu

et al. 2023; H. Luo et al. 2023; Mukhoti et al. 2023; Cha et al. 2023] observes that

large-scale vision-language models such as CLIP have a limited understanding of

the positioning of objects within an image and extend these models with additional

grouping mechanisms for better localisation using only image-level captions, but

no mask supervision. This, however, requires expensive additional contrastive

training at scale. Additionally, most methods resort to heuristics to segment the

background (i.e., leave some pixels unlabelled), as it often cannot be described

as a textual category. The usual approach is to threshold the similarities to all

categories. Finding an appropriate threshold, however, can be challenging and

may vary depending on the image, often resulting in imprecise object boundaries.

Effectively handling the background remains an open issue.

Our three-step approach departs substantially from both of these schemes. We show

that large-scale text-to-image generative models, such as StableDiffusion [Rombach

et al. 2022], can help bridge the vision-and-language gap without the need for

annotations or costly training. Furthermore, diffusion models also produce latent

spaces that are semantically meaningful and well-localised. This solves a second

problem: multi-modal embeddings are difficult to learn and often suffer from

ambiguities and differences in detail between modalities. Instead, our approach

can use unimodal features for open-vocabulary segmentation, which offers several

advantages. Firstly, as text-to-image generators encode a distribution of possible

images, this offers a means to deal with intra-class variation and captures the

ambiguity in textual descriptions. Secondly, the generative image models encode

not only the visual appearance of objects but also provide contextual priors, which
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we use for direct background segmentation.

This work presents a simple framework that achieves state-of-the-art performance

across open-vocabulary segmentation benchmarks. It combines several off-the-

shelf pre-trained networks into a segmenter “factory” that segments images into

arbitrary textual categories in three simple steps. OVDiff requires no additional

data, mask supervision, nor fine-tuning. To summarise, we make the following core

contributions: (1) We introduce a method to use pre-trained diffusion models for

the task of open-vocabulary segmentation, that requires no additional data, mask

supervision, or fine-tuning. (2) We propose a principled way to handle backgrounds

by forming prototypes from contextual priors built into text-to-image generative

models. (3) A set of additional techniques for further improving performance, such

as multiple prototypes, category filtering and "stuff" filtering.

6.2 Related work

Zero-shot open-vocabulary segmentation. Open-vocabulary semantic seg-

mentation is a relatively new problem and is typically approached in two ways.

The first line of work poses the problem as “zero-shot”, i.e., segmenting unseen

classes after training on a set of observed classes with dense annotations. Early

approaches [Bucher et al. 2019; P. Li et al. 2020; Gu et al. 2020; J. Cheng et al.

2021] explore generative networks to sample features using conditional language

embeddings for classes. In [Xian et al. 2019; B. Li et al. 2021] image encoders are

trained to output dense features that can be correlated with word2vec [Mikolov et al.

2013] and CLIP [Radford et al. 2021] text embeddings. Follow-up works [Ghiasi

et al. 2022; Liang et al. 2023; J. Ding et al. 2022; M. Xu et al. 2022] approach the

problem in two steps, predicting class-agnostic masks and aligning the embeddings

of masks with language. IFSeg [Yun et al. 2023] generates synthetic feature maps

by pasting CLIP text embeddings into a known spatial configuration to use as

additional supervision. Different from our approach, all these works rely on mask

supervision for a set of known classes.

The second line of work eliminates the need for mask annotations and instead aims

to align image regions with language using only image-text pairs. This is largely

enabled by recent advancements in large-scale vision-language models [Radford et al.
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2021]. Some methods introduce internal grouping mechanisms such as hierarchical

grouping [Jiarui Xu et al. 2022; Ren et al. 2023; Wysoczańska et al. 2024], slot-

attention [Jilan Xu et al. 2023], or cross-attention to learn cluster centroids [Q. Liu

et al. 2022; H. Luo et al. 2023]. Assignment to language queries is performed

at group level. Another line of work [C. Zhou et al. 2022; Mukhoti et al. 2023;

Cha et al. 2023; Ranasinghe et al. 2023] aims to learn dense features that are

better localised when correlated with language embeddings at pixel level. With

the exception of [Ranasinghe et al. 2023; C. Zhou et al. 2022; Wysoczańska et al.

2024], thresholding is often required to determine the background during inference.

Alternatively, a curated list of background prompts can be used [Ranasinghe et al.

2023].

Our method falls into the second category. However, in contrast to prior work, we

leverage a generative model to translate language queries to pre-trained image fea-

ture extractors without further training. We also segment the background directly,

without relying on thresholding or curated list of background prompts. A closely

related approach to ours is ReCO [Shin et al. 2022b], where CLIP is used for image

retrieval compiling a set of exemplar images from ImageNet for a given language

query, which is then used for co-segmentation. In our method, the shortcoming

of an image database is addressed by synthesising data on-demand. Furthermore,

instead of co-segmentation, we leverage the cross-attention of the generator to

extract objects. Instead of similarity of support images, we use diverse samples and

both foreground and contextual backgrounds. Follow up works [Barsellotti et al.

2024a; Barsellotti et al. 2024b] to OVDiff exchange contextual prior for backgrounds

with compiling a database of prototypes.

Diffusion models. Diffusion models [Sohl-Dickstein et al. 2015; Ho et al. 2020;

Song et al. 2021] are a class of generative methods that have seen tremendous

success in text-to-image systems such as DALL-E [Ramesh et al. 2022], Ima-

gen [Saharia et al. 2022], and Stable Diffusion [Rombach et al. 2022], trained on

Internet-scale data such as LAION-5B [Schuhmann et al. 2022]. The step-wise

generative process and the language conditioning make pre-trained diffusion models

attractive also for discriminative tasks. They have been recently used in few-shot

classification [Renrui Zhang et al. 2023], few-shot segmentation [Baranchuk et al.

2022] and panoptic segmentation [Jiarui Xu et al. 2023], and to generate pairs of
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images and segmentation masks [Z. Li et al. 2023]. However, these methods rely on

dense manual annotations to associate diffusion features with the desired output.

Annotation-free discriminative approaches such as [A. C. Li et al. 2023; K. Clark

and Jaini 2024; Udandarao et al. 2023] use pre-trained diffusion models as zero-shot

classifiers. DiffuMask [W. Wu et al. 2023] uses prompt engineering to synthesise

a dataset of “known” and “unseen” categories and trains a closed-set segmenter

with masks obtained from the cross-attention maps of the diffusion model. Dif-

fusionSeg [C. Ma et al. 2023] uses DDIM inversion [Song et al. 2021] to obtain

feature maps and attention masks of object-centric images to perform unsupervised

object discovery, but relies on ImageNet labels and is not open-vocabulary. Our

approach also leverages the rich semantic information present in diffusion models

for segmentation; unlike these methods, however, it is open-set and does not require

further training.

Unsupervised segmentation. Our work is also related to unsupervised segmen-

tation approaches. While early works relied on hand-crafted priors [M.-M. Cheng

et al. 2015; Y. Wei et al. 2012; J. Zhang et al. 2018; Y. Zeng et al. 2019; Nguyen

et al. 2019] later approaches leverage feature extractors such as DINO [Caron

et al. 2021] and perform further analysis of these methods [Y. Wang et al. 2022;

Melas-Kyriazi et al. 2022a; Siméoni et al. 2021; Siméoni et al. 2023; Hamilton et al.

2022; Shin et al. 2022a; Xudong Wang et al. 2023a; Xinlong Wang et al. 2022]. Some

approaches make use of generative methods, usually GANs, to separate images in

foreground and background layers [Bielski and Favaro 2019; M. Chen et al. 2019;

Benny and Wolf 2020; Bielski and Favaro 2022] or analyse latent structure to induce

known foreground-background changes [Voynov et al. 2021; Melas-Kyriazi et al.

2022b] to synthesise a training dataset with labels. Some works explore interaction

with different modalities such as optical flow [Choudhury et al. 2022; Karazija

et al. 2022] or depth [Bowen et al. 2022]. Largely focused on unsupervised saliency

prediction, these methods are class-agnostic and do not incorporate language.

6.3 Method

We present OVDiff, a method for open-vocabulary segmentation, i.e., semantic

segmentation of any category described in natural language. We achieve this
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goal in three steps: (1) we leverage text-to-image generative models to generate

a set of images representative of the described category, (2) use these to ground

representations from off-the-shelf pretrained feature extractors, and (3) match these

against input image features to perform segmentation.

6.3.1 OVDiff: Diffusion-based open-vocabulary segmenta-

tion

Our goal is to devise an algorithm which, given a new vocabulary of categories

ci ∈ C formulated as natural language queries, can segment any image against it.

Let I ∈ RH×W×3 be an image to be segmented. Let Φv : RH×W×3 → RH′W ′×D be an

off-the-shelf visual feature extractor and Φt : Rdt → RD a text encoder. Assuming

that image and text encoders are aligned, one can achieve segmentation by simply

computing a similarity function, for example, the cosine similarity s(Φv(I), Φt(ci)),

with s(x, y) = xT y
∥x∥∥y∥ , between the encoded image Φv(I) and an encoding of a class

label ci. To meaningfully compare different modalities, image and text features

must lie in a shared representation space, which is typically learned by jointly

training Φv and Φt using image-text or image-label pairs [Radford et al. 2021].

We propose two modifications to this approach. First, we observe that it is better

to compare representations of the same modality than across vision and language

modalities. We thus replace Φt(ci) with a D-dimensional visual representation P̄

of class ci, which we refer to as a prototype. In this case, the same feature extractor

can be used for both prototypes and target images; thus, their comparison becomes

straightforward and does not necessitate further training. Second, we propose

utilising multiple prototypes per category instead of a single class embedding. This

enables us to accommodate intra-class variations in appearance, and, as we explain

later, it also allows us to exploit contextual priors, which in turn help to segment

the background.

Our approach, thus, proceeds in three steps: (1) a set of support images is sampled

based on vocabulary C, (2) a set of prototypes P is calculated, and (3) a set

of images {I1, I2 . . . } is segmented against these prototypes. We observe that

in practical applications, whole image collections are processed using the same

vocabulary, as altering the set of target classes for individual images in an informed
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Figure 6.2: OVDiff overview. Prototype sampling: text queries are used to sample
a set of support images which are further processed by a feature extractor and a
segmenter forming positive and negative (background) prototypes. Segmentation:
image features are compared against prototypes.The CLIP filter removes irrelevant
prototypes based on global image contents.

way would already require some knowledge of their contents. Steps (1) and (2) are,

thus, performed very infrequently, and their cost is heavily amortised. Next, we

detail each step.

6.3.2 Support set generation

To construct a set of prototypes, the first step of our approach is to sample a

support set of images representative of each category ci. This can be accomplished

by leveraging pretrained text-conditional generative models. Sampling images from

a generative model, as opposed to a curated dataset of real images, aligns well

with the goals of open-vocabulary segmentation as it enables the construction of

prototypes for any user-specified category or description, even those for which

a manually labelled set may not be readily available (e.g., ci = “donut with

chocolate glaze”).

Specifically, for each query ci, we define a prompt “A good picture of a ⟨ci⟩”

and generate a small batch of N support images S = {S1, S2, . . . , SN | Sn ∈ Rhw×3}

of height h and width w using Stable Diffusion [Rombach et al. 2022].

6.3.3 Representing categories

Naïvely, prototypes P̄ci
could be constructed by averaging all features across all

images for class ci. This is unlikely to result in good prototypes because not all

pixels in the sampled images correspond to the class specified by ci. Instead, we

propose to extract the class prototypes as follows.
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Class prototypes. Our approach generates two sets of prototypes, positive and

negative, for each class. Positive prototypes are extracted from image regions that

are associated with ⟨ci⟩, while negative prototypes represent “background” regions.

Thus, to obtain prototypes, the first step is segmenting the sampled images into

foreground and background. To identify regions most associated with ci, we use the

fact that the layout of a generated image is largely dependent on the cross-attention

maps of the diffusion model [Hertz et al. 2023], i.e., pixels attend more strongly

to words that describe them. For a given word or description (in our case ci),

one can generate a set of attribution maps A = {A1, A2, . . . , AN | An ∈ Rhw},

corresponding to the support set S, by summing the cross-attention maps across

all layers, heads, and denoising steps of the network [Tang et al. 2023].

Yet, thresholding these attribution maps may not be optimal for segmenting

foreground/background, as they are often coarse or incomplete, and sometimes

only parts of objects receive high activation. To improve segmentation quality,

we propose to optionally leverage an unsupervised instance segmentation method

Γ. Unsupervised segmenters are not vocabulary-aware and may produce multiple

binary object proposals. We denote these as Mn = {Mnr |Mnr ∈ {0, 1}hw}, where

n indexes the support images and r indexes the object masks (including a mask

for the background). We thus construct a promptable extension of Γ segmenter

to select appropriate proposals for foreground and background: for each image,

we select from Mn the mask with the highest (lowest) average attribution as the

foreground (background):

M fg
n = arg max

M∈Mn

M⊤An

M⊤M
, Mbg

n = arg min
M∈Mn

M⊤An

M⊤M
. (6.1)

Prototype aggregation. We can compute prototypes P g
n for foreground and

background regions (g ∈ {fg, bg}) as

P g
n = (M̂g

n)⊤Φv(Sn)
mg

n
∈ RD, (6.2)

where M̂g
n denotes a resized version of Mg

n that matches the spatial dimensions

of Φv(Sn), and mg
n = (M̂g

n)⊤M̂g
n counts the number of pixels within each mask.

In other words, prototypes are obtained by means of an off-the-shelf pretrained

feature extractor and computed as the average feature within each mask.
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We refer to these as instance prototypes because they are computed from each

image individually, and each image in the support set can be viewed as an instance

of class ci.

In addition to instance prototypes, we found it helpful to also compute class-level

prototypes P̄ g by averaging the instance prototypes weighted by their mask sizes

as P̄ g = ∑N
n=1 mg

nP g
n/
∑N

n=1 mg
n.

Finally, we propose to augment the set of class and instance prototypes using

K-Means clustering of the masked features to obtain part-level prototypes. We

perform spatial clustering separately on foreground and background regions and

take each cluster centroid as a prototype P g
k with 1 ≤ k ≤ K. The intuition behind

this is to enable segmentation at the level of parts, support greater intra-class

variability, and a wider range of feature extractors that might not be scale invariant.

We consider the union of all these feature prototypes:

Pg = P̄ g ∪ {P g
n | 1 ≤ n ≤ N} ∪ {P g

k | 1 ≤ k ≤ K} (6.3)

for g ∈ {fg, bg}, and associate them with a single category.

We note that this process is repeated for each ci ∈ C and we hereby refer to P fg

(and Pbg) as P fg
ci

(Pbg
ci

), i.e., as the foreground (background) prototypes of class ci.

Since P fg
ci

(Pbg
ci

) depend only on class ci, they can be precomputed, and the set of

classes can be dynamically expanded without the need to adapt existing prototypes.

6.3.4 Segmentation via prototype matching

To perform segmentation of any target image I given a vocabulary C, we first

extract image features using the same visual encoder Φv used for the prototypes.

The vocabulary is expanded with an additional background class Ĉ = {cbg} ∪ C, for

which the positive (foreground) prototype is the union of all background prototypes

in the vocabulary: P fg
cbg

= ⋃
ci∈C Pbg

ci
. Then, a segmentation map can simply be

obtained by matching dense image features to prototypes using cosine similarity.

A class with the highest similarity in its prototype set is chosen:

M = arg max
c∈Ĉ

max
P∈Pfg

c

s(Φv(I), P ). (6.4)
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Category pre-filtering. To limit the impact of spurious correlations that might

exist in the feature space of the visual encoder, we introduce a pre-filtering process

for the target vocabulary given image I. Specifically, we leverage CLIP [Radford

et al. 2021] as a strong open-vocabulary classifier but propose to apply it in a

multi-label fashion to constrain the segmentation to the subset of categories C ′ ⊆ C

that appear in the target image. First, we encode the target image and each

category using CLIP. Any categories that do not score higher than 1/|C| are removed

from consideration, that is we keep the subset {P g
c′ | c′ ∈ C ′}, g ∈ {fg, bg}. If

more than η categories are present, then the top-η are selected. We then form

“multi-label” prompts as “⟨ca⟩ and ⟨cb⟩ and ...” where the categories are selected

among the top scoring ones taking into account all 2η combinations. The best-

scoring multi-label prompt determines the final list of categories to be used in

Equation (6.4).

“Stuff” filtering. Occasionally, ci might not describe a countable object category

but an identifiable region in the image, e.g., sky, often referred to as a “stuff” class.

“Stuff” classes warrant additional consideration as they might appear as background

in images of other categories, e.g., boat images might often contain regions of

water and sky. As a result, the process outlined above might sample background

prototypes for one class that coincide with the foreground prototypes of another.

To mitigate this issue, we introduce an additional filtering step to detect and

reject such prototypes, when the full vocabulary, i.e., the set of classes under

consideration, is known. First, we only consider foreground prototypes for “stuff”

classes. Additionally, any negative prototypes of “thing” classes with high cosine

similarity with any of the “stuff” class prototypes are simply removed. In our

experiments, we use ChatGPT [OpenAI 2023] to automatically categorise a set of

classes as “thing” or “stuff”.
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Table 6.1: Open-vocabulary segmentation. Comparison of our approach, OVDiff,
to the state of the art (under the mIoU metric). Our results are an average of 5
seeds ±σ. ∗results from [Cha et al. 2023].

Method Support Further VOC Context ObjectSet Training

ReCo∗ [Shin et al. 2022b] Real ✗ 25.1 19.9 15.7
ViL-Seg [Q. Liu et al. 2022] ✗ ✓ 37.3 18.9 -
MaskCLIP∗ [C. Zhou et al. 2022] ✗ ✗ 38.8 23.6 20.6
TCL [Cha et al. 2023] ✗ ✓ 51.2 24.3 30.4
CLIPpy [Ranasinghe et al. 2023] ✗ ✓ 52.2 - 32.0
GroupViT [Jiarui Xu et al. 2022] ✗ ✓ 52.3 22.4 -
ViewCo [Ren et al. 2023] ✗ ✓ 52.4 23.0 23.5
SegCLIP [H. Luo et al. 2023] ✗ ✓ 52.6 24.7 26.5
OVSegmentor [Jilan Xu et al. 2023] ✗ ✓ 53.8 20.4 25.1
CLIP-DIY [Wysoczańska et al. 2024] ✗ ✗ 59.9 – 31.0
OVDiff (-CutLER) Synth. ✗ 62.8 28.6 34.9
OVDiff Synth. ✗ 66.3 ± 0.2 29.7 ± 0.3 34.6 ± 0.3

TCL [Cha et al. 2023] (+PAMR) ✗ ✓ 55.0 30.4 31.6
OVDiff (+PAMR) Synth. ✗ 68.4 ± 0.2 31.2 ± 0.4 36.2 ± 0.4

6.4 Experiments

We evaluate OVDiff on the open-vocabulary semantic segmentation task. First,

we consider different feature extractors and investigate how they can be grounded

by leveraging our approach. We then turn to comparisons of our method with

prior work. We ablate the components of OVDiff, visualize the prototypes, and

conclude with a qualitative comparison with prior works on in-the-wild images.

In appendix F.1, we provide additional experiments concerning image generators,

prompting strategies, segmentation methods, and features used.

Datasets and implementation details. As the approach does not require

further training of components, we only consider data for evaluation. Following

prior work [Jiarui Xu et al. 2022], to assess the segmentation performance, we

report mean Intersection-over-Union (mIoU) on validation splits of PASCAL VOC

(VOC) [M. Everingham et al. 2012], PASCAL Context (Context) [Mottaghi et al.

2014] and COCO-Object (Object) [Caesar et al. 2018] datasets, with 20, 59, and

80 foreground classes, respectively. These datasets include a background class to

reflect a realistic setting of non-exhaustive vocabularies. Context also contains

both “things” and “stuff” classes. We also evaluate without background on VOC,

Context, ADE20K [B. Zhou et al. 2017], COCO-Stuff [Caesar et al. 2018] and

Cityscapes [Cordts et al. 2016], with 20, 59, 150, 171, and 19 classes, respectively,
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but do not consider this a realistic setting as it relies on knowing which pixels

cannot be described by a set of categories. Similar to [Cha et al. 2023; Jiarui Xu

et al. 2022; Jilan Xu et al. 2023], we employ a sliding window approach. We use

two scales to aid with the limited resolution of off-the-shelf feature extractors with

square window sizes of 448 and 336 and a stride of 224 pixels. We set the size of

the support set to N = 32. For the diffusion model, we use Stable Diffusion v1.5;

for unsupervised segmenter Γ, we employ CutLER [Xudong Wang et al. 2023a].

6.4.1 Grounding feature extractors

Our method can be combined with any pretrained visual feature extractor for

constructing prototypes and extracting image features. To verify this quantitatively,

we experiment with various self-supervised ViT feature extractors (table 6.2):

DINO [Caron et al. 2021], MAE [K. He et al. 2022], and CLIP [Radford et al. 2021].

We also use SD as a feature extractor.

We find that SD performs the best, though CLIP and DINO also show strong per-

formance based on our experiments on VOC. MAE shows the weakest performance,

which may be attributed to its lack of semanticity [K. He et al. 2022]; yet it is still

competitive with the majority of purposefully trained networks when employed as

part of our approach. We find that taking keys of the second to last layer in CLIP

yields better results than using patch tokens (CLIP token). As feature extractors

have different training objectives, we hypothesise that their feature spaces might

be complementary. Thus, we also consider an ensemble approach. In this case,

the cosine distances formed between features of different extractors and respective

prototypes are averaged. The combination of SD, DINO, and CLIP performs the

best. We adopt this formulation for the main set of experiments.

6.4.2 Comparison to existing methods

In table 6.1, we compare our method with prior work that does not rely on manual

mask annotation on three datasets: VOC, Context, Object. We include a brief

overview of the methods in the supplement. We find that our method compares

favourably, outperforming other methods in all settings. In particular, results on

VOC show the largest margin, with more than 5% improvement over prior work.
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Figure 6.3: Qualitative results. OVDiff in comparison to TCL (+ PAMR). OVDiff
provides more accurate segmentations across a range objects and stuff classes with
well defined object boundaries that separate from the background well.

We also consider a version of our method, OVDiff (-CutLER), that does not rely

on an additional unsupervised segmenter Γ. Instead, the attention masks are

thresholded. We observe that such a version of OVDiff has strong performance,

outperforming prior work as well. CutLER is helpful, but not a critical component,

and OVDiff performs strongly without it.

In the same table, we also combine our method with PAMR [Araslanov and Roth

2020], the post-processing approach employed by TCL. We find that it improves

results for our method, though improvements are less drastic since our method

already yields better segmentation and boundaries.

Qualitative results are shown in fig. 6.3. This figure highlights a key benefit of our

approach: the ability to exploit contextual priors through the use of background

prototypes, which in turn allows for the direct assignment of pixels to a background

class. This improves segmentation quality because it makes it easier to differentiate

objects from the background and to delineate their boundaries. In comparison,

TCL predictions are very coarse and contain more noise.

6.4.3 Ablations

Next, we ablate the components of OVDiff on VOC and Context datasets. For these

experiments, only SD is employed as a feature extractor. We remove individual

components and measure the change in segmentation performance, summarising

the results in table 6.3. Our first observation is that background prototypes have

a major impact on performance. When removing them from consideration, we
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Table 6.2: Performance of
OVDiff based on different
feature extractors.

Feature VOCExtractor

MAE 54.9
DINO 59.1
CLIP (tokens) 51.4
CLIP (keys) 61.8
SD 64.4

SD+CLIP+DINO 66.4

Table 6.3: Ablation of different components. Each
component is removed in isolation, measuring the drop
(∆) in mIoU on VOC and Context datasets. Using SD
features.

Configuration VOC ∆ Context ∆

Full 64.4 29.4

w/o bg prototypes 53.2 -11.2 28.9 -0.5
w/o category filter 54.4 -10.0 25.2 -4.2
w/o “stuff” filter n/a 26.9 -2.5
w/o CutLER 60.4 -4.0 27.6 -1.8
w/o sliding window 62.2 -2.2 28.6 -0.8
only average P̄ 62.5 -1.9 28.4 -1.0

instead threshold the similarity scores of the images with the foreground prototypes

(set to 0.72, determined via grid search); in this case, the performance drops

significantly, which again highlights the importance of leveraging contextual priors.

Figure 6.4: PascalVOC re-
sults with increasing support
size N .

On Context, the impact is less significant, likely

due to the fact that the dataset contains “stuff”

categories. Removing the instance- and part-level

prototypes also negatively affects performance. Ad-

ditionally, removing the category pre-filtering has

a major impact. We hypothesize that this intro-

duces spurious correlations between prototypes of

different classes. On Context, “stuff” filtering is also

important.

We again consider the importance of using an unsupervised segmenter, CutLER,

for prototype mask extractions, using thresholding instead. We find this slightly

reduces performance in this setting as well. Overall, background prototypes and

pre-filtering contribute the most.

Finally, we measure the effect of varying the size of the support set N in fig. 6.4.

We find that OVDiff already shows strong performance even at a low number of

samples for each query. With increasing the number of samples, the performance

improves, saturating at around N = 32. which we use in our main experiments.
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Table 6.4: Comparison with methods when background is excluded (decided by
ground truth). OVDiff shows comparable performance to prior works despite only
relying on pretrained feature extractors. ∗ result from [Cha et al. 2023].

Method VOC-20 Context-59 ADE Stuff Cityscapes

CLIPpy – – 13.5 – –
OVSegmentor – – 5.6 – –
GroupViT∗ 79.7 23.4 9.2 15.3 11.1
MaskCLIP∗ 74.9 26.4 9.8 16.4 12.6
ReCo∗ 57.5 22.3 11.2 14.8 21.1
TCL 77.5 30.3 14.9 19.6 23.1
OVDiff 80.9 32.9 14.1 20.3 23.4

6.4.4 Evaluation without background

One of the notable advantages of our approach is the ability to represent background

regions via (negative) prototypes, leading to improved segmentation performance.

Nevertheless, we hereby also evaluate our method under a different evaluation

protocol adopted in prior work, which excludes the background class from the

evaluation. We note that prior work often requires additional considerations to

handle background, such as thresholding. In this setting, however, the background

class is not predicted, and the set of categories, thus, must be exhaustive. As in

practice, this is not the case, and datasets contain unlabelled pixels (or simply a

background label), such image areas are removed from consideration. Consequently,

less emphasis is placed on object boundaries in this setting. As in this setting the

background prediction is invalid, we do not consider negative prototypes. This

setting tests the ability of various methods to discriminate between different classes,

which for OVDiff is inherent to the choice of feature extractors. Despite this, our

method shows competitive performance accross wide range of benchmarks table 6.4.

6.4.5 Explaining segmentations

We inspect how our method segments certain regions by considering which prototype

from P fg
c was used to assign a class c to a pixel. Prototypes map to regions in

the support set from where they were aggregated, e.g., instances prototypes are

associated with foreground masks M fg
n and part prototypes with centroids/clusters.

By following these mappings, a set of support image regions can be retrieved for

each segmentation decision, providing a degree of explainability. fig. 6.5 illustrates

this for examples of dog, cat, and bird classes. For visualisation purposes, selected
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Figure 6.5: Analysis of the segmentation output by linking regions to samples in
the support set. Left: our results for different classes. Middle: select color-coded
regions “activated” by different prototypes for the class. Right: regions in the
support set images corresponding to these (part-level) prototypes.

prototypes and corresponding regions are shown. On the left, we show the full

segmentation result of each image. In the middle, we select regions that correlate

best with certain class prototypes. On the right, we retrieve images from the

support set and highlight where each prototype emerged. We find that meaningful

part segmentation merges due to clustering the support image features, and similar

regions are segmented by corresponding prototypes. However, sometimes region

covered in the input image will not fully align with the whole prototype (e.g. cat’s

face around the eyes or lower belly/tail of bird). Each segmentation is explained

by precise regions in a small support set.

6.4.6 In-the-wild

In fig. 6.6, we investigate OVDiff on chal lenging in-the-wild images with simple and

complex backgrounds. We compare with TCL+PAMR. In the first three images,

both methods correctly detect the objects identified by the queries. OVDiff has

small false positive "corgi" patches. TCL however misses large parts of the objects,

such as most of the person, and parts of animal bodies. The distinction between

the house and the bridge in the second image is also better with OVDiff. We also

note that our segmentations sometimes have halos around objects. This is caused

by upscaling the low-resolution feature extractor (SD in this case). The last two

images contain challenging scenarios where both approaches struggle. The fourth

image only contains similar objects of the same type. Both methods incorrectly
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Figure 6.6: Qualitative comparison on challenging in-the-wild images with TCL,
which struggles with object boundaries, missing parts of objects, or including
surroundings. Our method has more appropriate boundaries and makes fever errors
overall, but does produce a small halo effect around objects due to the upscaling of
feature extractors.

identify plain donuts as either of the specified queries. OVDiff however correctly

identifies chocolate donuts with varied sprinkles and separates all donuts from the

background. In the final picture, the query “red car” is added, although no such

object is present. The extra query causes TCL to incorrectly identify parts of the

red bus as a car. Both methods incorrectly segment the gray car in the distance.

However, overall, our method is more robust and delineates objects better despite

the lack of specialized training or post-processing.

6.5 Conclusion

We introduce OVDiff, an open-vocabulary segmentation method that operates in

two stages. First, given queries, support images are sampled and their features

are extracted to create class prototypes. These prototypes are then compared to

features from an inference image. This approach offers multiple advantages: diverse

prototypes accommodating various visual appearances and negative prototypes

for background localisation. OVDiff outperforms prior work on benchmarks, ex-

hibiting fewer errors, effectively separating objects from background, and providing

explainability through segmentation mapping to support set regions.
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CHAPTER 7. DISCUSSION

Chapter 7

Discussion

7.1 Summary and Impact

This section summarises the contributions of the papers and discusses their impact

on the broader field. We then present directions for future work that improve and

build upon the ideas presented in this thesis.

7.1.1 Compositional Reconstruction

In chapter 2, we presented a paper, “ClevrTex: A Texture-Rich Benchmark

for Unsupervised Multi-Object Segmentation”. We introduced a series of new

benchmarks for unsupervised multi-object segmentation. We also presented a

detailed empirical analysis of the effectiveness of various approaches that use

compositional reconstruction (P2) as a principled mechanism for segmenting multiple

objects. Our findings show that various models struggled as the complexity of

the scenes increased and failed to achieve satisfactory results when the object and

background appearance were no longer uniform.

ClevrTex highlighted the limitations of current approaches and challenged the

community to consider scaling the compositional reconstruction methods to visually

complex scenes. The introduced datasets have become a popular benchmark

for unsupervised multi-object segmentation. Various follow-up works proposed

modifications to the popular slot attention [Locatello et al. 2020] framework to

scale models to more complex settings. These can broadly be grouped into three

categories.
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The first category explored guiding the attention in the most popular slot-attention [Lo-

catello et al. 2020] mechanism to focus on the objects, thus improving the seg-

mentation performance. Ideas based on promoting cycle consistency [J. Kim et al.

2023; Z. Wang et al. 2023] within pixel-to-object, object-to-part relations have

been proposed. In [Biza et al. 2023], invariance to various changes in the object

position and rotation for the attention mechanism have been analysed, showing

improvements when translation invariance is considered.

The second category of methods looked at the reconstruction quality of the networks

and the tendency of compositional models to overfit the scene appearance. This

research scaled the decoder network, which reconstructs the input based on slots, to

be more powerful. The intuition is that given an expressive decoder, slots only have

to encode conditioning signals rather than a detailed encoding of object appearances.

Building on the recent success of image generative models, autoregressive [G. Singh

et al. 2022a] and diffusion [Jiang et al. 2023] decoders have been shown to improve

performance in complex scenes.

The third category of works considered the tendency of compositional models to

prefer uniform appearance regions, highlighted in ClevrTex. Several proposals

turned such a feature of the popular slot-attention [Locatello et al. 2020] mechanism

into a strength. These methods replaced the reconstruction target with a modality

where the representation does not vary much within the object. For example,

in optical flow, the flow vectors are similar within the object but are often very

different from the background. [Kipf et al. 2022; Elsayed et al. 2022] explored using

optical flow as a reconstruction target. However, as we showed in chapter 4, a more

direct analysis incorporating motion is more effective. Alternatively, self-supervised

representations are extremely semantic, particularly DINO [Caron et al. 2021].

Principle components of DINO features vary very little within an object. [Seitzer

et al. 2023] used this feature space as a reconstruction target, scaling to real-world

datasets.

While Seitzer et al. [Seitzer et al. 2023] scaled Slot Attention [Locatello et al.

2020] to be able to learn from real-world data, the approach still remains limited

in comparison to alternative approaches using self-supervised features and self-

labelling [Xudong Wang et al. 2023a]. Slot Attention-based architectures remain

computationally expensive and more difficult to train compared to both specialised
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segmentation models and general vision transformers. This presents a scaling

challenge. However, obtaining object-centric representations [Greff et al. 2020]

is still desirable. In the context of visual large language models, they might

offer ways to tokenise the world based on visual content. Capturing individual

objects is also desirable for physical reasoning, which is particularly important in

robotics and constructing world models. Currently, either architectures aimed at

the segmentation task or simple patch-based tokenisation are used instead due to

simplicity in training such architectures. Compositional reconstruction models can

be used in the real-world setting, yet several scaling challenges remain to make it

as practical as alternatives.

In addition to exploring multi-object segmentation, ClevrTex has been adapted

to disentangling objects’ appearance variation factors [G. Singh et al. 2023] due to

its diverse library of materials and shapes. Upon request from the community, we

have compiled a new library of materials with permissive licenses to ensure that

further work in this direction is supported.

7.1.2 Object Segmentation from Optical Flow

In chapter 3, we considered the problem of training a segmentation network by

using optical flow as a supervision signal. As predicting optical flow from a

single image is ambiguous, we approached this problem via motion anticipation,

tasking a segmentation network with only predicting regions that are likely to

move together (P3). To provide a learning signal, we devised a loss function

that approximates the optical flow within a predicted region with a principled

parametric model. We solved for the motion parameters in a closed form using

a grouping of pixels (P1), training with the residual error as the objective. The

idea is that an incorrect segmentation would introduce significant outliers in the

flow reconstruction, increasing the residual error. As we only used optical flow

during the loss computation stage, we could also apply the segmentation model to

images. The approach established a new state-of-the-art across several benchmarks

in motion and video object segmentation.

The work presented in chapter 3 influenced a series of follow-up works that pushed

the boundaries of learning segmentation models with optical flow guidance. In [Lian

et al. 2023; S. Singh et al. 2023], the authors proposed multi-stage self-training
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pipelines that moderated the potential errors in optical flow by checking against

appearance-based features. Our work has also been cited in the context of drone

robotics [Fan et al. 2025]. The authors used more sophisticated parametric models

fit using optimisation. In [Ranne et al. 2024], the authors explored GWM for

catheter segmentation in ultrasound images and developed a related specialised

flow-supervised segmentation approach. The work was also cited in a supervised

setting [Xie et al. 2024] for a view of using RGB and motion information to inform

the motion segmentation task.

7.1.3 Multi-object Segmentation with Motion Supervision

While principled and effective, our proposal in chapter 3 is somewhat limited to

explaining scenes with a salient foreground object. One can usually reduce the

GWM loss by using multiple components to explain the motion of one object.

Multiple masks are required to predict a variable number of objects. The model

could use any extra components to explain the same object whenever possible,

resulting in over-segmentation. In chapter 4, we extended our guess-and-check

approach to a multi-object setting to partially address this limitation. We considered

a prior over possible transformations that approximately describe motion. This

also allowed us to account for approximation errors of the assumed affine motion

models and other inaccuracies by explicitly modelling noise. We showed empirically

how this is beneficial in multi-object settings compared to GWM (chapter 3) and

other methods that learn from optical flow.

In this work, we also introduced a new dataset that extends ClevrTex to videos by

using a physics simulation. This enabled us to compare and study how motion can

improve upon compositional approaches studied in chapter 2. We showed how our

proposed loss can simply be added to existing appearance-based methods, enabling

them to learn from motion and greatly improving their performance. Importantly,

we showed how we can combine optical flow, our loss function and an off-the-shelf

segmentation architecture to learn multi-object segmentation models for real-world

data such as KITTI [Geiger et al. 2012] with state-of-the-art performance for

unsupervised models.

Work in chapter 4 has influenced a series of follow-up works that explored motion-

induced segmentation in multi-object settings. [Bao et al. 2023] considered an
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object-centric slot model reconstructing flow. They addressed the limitation of

slot-attention-based architectures with an external motion segmentation model

used to guide the attention mechanism. In [Safadoust and Güney 2023], the authors

jointly predicted depth and segmentation using optical flow for supervision. The

estimate of depth enabled reasoning about motion in 3D, supporting multiple

objects without a probabilistic framework.

7.1.4 Learning from Long-Range Motion

While showing strong results, our previous works only explored instantaneous

motion as captured by optical flow. In chapter 5, we established the value of

long-range motion information for unsupervised video segmentation, pioneering the

use of point trajectories for this task in the deep learning era. Similar to our prior

works in this area, we implement the learning principle as a loss function, avoiding

any architectural constraints on the models. This enabled us to combine trajectory

and flow information easily. With the use of long-range motion information, we

were able to establish a new state-of-the-art on the challenging motion and video

object segmentation benchmarks. While we used recent point tracking models to

estimate the point trajectories, the generality of our loss function should allow

extending it to any point-like constructs, e.g., joints or Gaussians [Kerbl et al.

2023].

7.1.5 Segmenting with Language

In chapter 6, we explored segmentation using existing structures in language to

specify objects and delineate them. We followed the trend in computer vision

and built upon large-scale foundational models to benefit from extensive data

and compute resources dedicated to them. However, our proposal departed from

the common approaches, as we did not fine-tune contrastively trained image-text

encoders but rather repurposed a generative model without fine-tuning.

Language conditioning enables output control in generative models. We established

how the mechanisms for adherence to language conditioning in diffusion architec-

tures induce a way to represent and localise objects, already implementing the

naming idea (P4). We showed that we can achieve state-of-the-art performance by

adapting a diffusion model without fine-tuning. We, thus, showed how, by learning
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a text-to-image generative model, one also learns an open-vocabulary segmentation

model.

Our proposal has started or revitalised several trends in the field. [Barsellotti et al.

2024a; Barsellotti et al. 2024b] extended our work by addressing the problem of

generating new prototypes for novel classes. Instead, the authors precomputed a

database of various prototypes based on a corpus of prompts. Additionally, several

works [S. Sun et al. 2024; Corradini et al. 2024] have explored how to adapt other

vision-language foundation models for segmentation without training. Interestingly,

our approach has been explored in the supervised settings as well. In [Zhao et al.

2025], the authors improved on our recipe to convert a diffusion model into a

segmentation one by using LLMs to generate diverse prompts and incorporated

SAM [Kirillov et al. 2023] to localise the objects.

7.1.6 Future Work

Curriculum and compositionality. Children learn by starting with simpler

problems and then building up to more complex ones. We also break the problems

down into smaller subtasks and consider simpler settings to build up intuition.

However, compositional reconstruction models train to decompose cluttered scenes

in one go from the start. Moreover, their formulation is often flexible to support

changing the number of slots. It might be beneficial to consider a curriculum that

starts with simpler scenes and gradually increases the complexity.

The power of curriculum has been shown in the self-labelling approaches to un-

supervised segmentation [Van Gansbeke et al. 2021; Zadaianchuk et al. 2023b;

Xinlong Wang et al. 2022; Xudong Wang et al. 2023a]. They start by training on

object-centric datasets, which are less difficult to label with unsupervised saliency

methods. During training, the segmentation model is heavily augmented with

copy-paste augmentations [Ghiasi et al. 2021] to construct more complex scenes

artificially. The label set is periodically updated with new objects, creating more

targets for each scene. Following the same idea, one could exploit the generalisability

of object-centric representations by learning them well on less cluttered scenes first

before allowing for more slots and crowded scenes. Similarly, different augmented

views of the scene could be employed to constrain the attention mechanism.
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Learning from motion at scale. The models in chapters 3 to 5 have been

trained on relatively small datasets using only small GPU resources. Much of

modern success has been achieved at scale, so it is interesting to see how well the

learning principles and loss functions would behave when increasing the model

size and training on larger datasets. As the methods do not require annotations,

abundant data is available.

Joint motion and appearance learning. Motion information is ultimately

derived from the underlying video data. Preprocessing motion could be undesirable

for several reasons. Firstly, the optical flow networks will not be perfect, and thus,

the downstream segmentation model might be misled. Secondly, processing the

video data to obtain motion information might prove cumbersome at scale due to

associated computational and storage costs. One would prefer to learn from the

video data directly without the need to preprocess it.

One could consider two networks trained jointly by taking inspiration from the

two-stream hypothesis [Goodale and Milner 1992]. One would use the appearance-

based principles, e.g. compositional reconstruction (P2), in the visual stream. For

motion stream, one could use the self-supervised flow models [Stone et al. 2021].

The loss functions introduced in chapters 3 and 4 would bridge the two streams.

This way, motion modelling could be informed by learning objects in appearance

reconstruction, and appearance reconstruction could be informed by motion.

Language and motion. In chapter 6, we explored language and its understanding

captured in generative diffusion models to segment objects. However, it is unclear

whether language alone can provide sufficient information for a great segmentation,

especially around boundaries. In the case of multiple instances of the same object

class, language can be pretty ambiguous, segmenting multiple instances jointly.

Motion, on the other hand, can help disambiguate between multiple instances.

A potential approach to synergise these ideas (P3, P4) would be to distil our

approach from chapter 6 to a segmentation model by pseudo-labelling a large video

dataset. The same segmentation model could then also be supervised with motion

information following schemes introduced in chapters 3 to 5.
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Embracing object hierarchy with language. In this thesis, we have focused on

learning objects at a defined granularity based on a choice of learning signal. Moving

towards a more general hierarchical understanding of objects is a natural direction

to enable better modelling of the world. Hierarchy is challenging, however, as not

all levels are equally well-defined or interesting. One might produce superpixel-like

parts of objects, which may or may not be meaningful. Language again can be

helpful here, providing an existing structure to define meaningful hierarchy levels.

One way to produce practical object hierarchies in the scene could be by leveraging

the reasoning capabilities of recent large language models. For example, one could

recursively prompt an LLM to provide relevant part descriptions for objects that

could be then segmented, forming a deeper hierarchy level.

7.2 Conclusions

Learning to decompose the visual world into objects is critical for many tasks in

computer vision. While much of the current art has focused on scaling supervised

approaches, in this thesis, we have explored principles that can be used to learn

objects without the need for costly, dense annotation. We drew inspiration from

our understanding of human perception and language to examine and push the

boundaries of unsupervised object segmentation and thus one day enable machines

to understand the world the way we learn to.
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APPENDIX B. CLEVRTEX: A TEXTURE-RICH BENCHMARK FOR
UNSUPERVISED MULTI-OBJECT SEGMENTATION

SUPPLEMENTARY MATERIAL

Appendix B

ClevrTex: A Texture-Rich

Benchmark for Unsupervised

Multi-Object Segmentation

Supplementary Material

B.1 Dataset Documentation: Datasheets for Datasets

Here we answer the questions outlined in the datasheets for datasets paper by

[Gebru et al. 2018].

B.1.1 Motivation

For what purpose was the dataset created? ClevrTex was created to serve

as the next challenging benchmark for unsupervised multi-object segmentation

methods. It trades simpler visuals for confounding aspects such as texture, irregular

shapes, and a variety of materials.

Who created the dataset (e.g., which team, research group) and on

behalf of which entity (e.g., company, institution, organisation)? The

dataset has been constructed by the research group “Visual Geometry Group” at

the Engineering Science Department, University of Oxford.
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Who funded the creation of the dataset? The dataset is created for research

purposes at VGG. L. K. is funded by EPSRC Centre for Doctoral Training in

Autonomous Intelligent Machines and Systems EP/S024050/1. I. L. is supported

by the EPSRC programme grant Seebibyte EP/M013774/1 and ERC starting grant

IDIU-638009. C. R. is supported by Innovate UK (project 71653) on behalf of UK

Research and Innovation (UKRI) and by the European Research Council (ERC)

IDIU-638009.

B.1.2 Composition

What do the instances that comprise the dataset represent (e.g., docu-

ments, photos, people, countries)? The dataset consists of images featuring

simulated scenes and segmentation, depth, normal, albedo, and shadow masks

available, and metadata detailing scene composition.

How many instances are there in total (of each type, if appropriate)?

There are 50 000 instances in the main ClevrTex dataset. 20 000 in each variant,

PlainBG, VarBG, GrassBG and CAMO. There is also a further 10 000 instances

in the testing-only variant OOD.

Does the dataset contain all possible instances or is it a sample (not

necessarily random) of instances from a larger set? The dataset is a sample

of the near-infinite set of possible arrangements under our sampling distribution.

Please see section 2.3.1 for a description of the process to sample the scene.

What data does each instance consist of? Each instance consists of the RGB

scene image, depth, normal, albedo, and shadow masks (all PNG), and further

metadata (JSON) detailing object positions, shapes, scales, and materials used.

We use only the RBG image for training during the benchmarking process and

segmentation masks and metadata to evaluate.

Is there a label or target associated with each instance? For the task

explored in this paper, unsupervised multi-object segmentation, the target labels

are the segmentation masks, which are not used during training.

Is any information missing from individual instances? No.



Are relationships between individual instances made explicit (e.g., users’

movie ratings, social network links)? No, there are no relationships between

different instances.

Are there recommended data splits (e.g., training, development/vali-

dation, testing)? Yes, we adopt 10%/10%/80% test/val/train splits for the

datasets by instance index, with the exception of OOD variant, which is used for

evaluation only. The rationale behind splits is that the data comes from the same

generation process for each variant and can already be considering randomized.

Simply using an image index to separate the splits makes both data-loading easy

and removes the need to distribute canonical split indexes.

Are there any errors, sources of noise, or redundancies in the dataset?

No.

Is the dataset self-contained, or does it link to or otherwise rely on

external resources (e.g., websites, tweets, other datasets)? The dataset

is self-contained.

Does the dataset contain data that might be considered confidential

(e.g., data that is protected by legal privilege or by doctor-patient

confidentiality, data that includes the content of individuals’ non-public

communications)? No.

Does the dataset contain data that, if viewed directly, might be offensive,

insulting, threatening, or might otherwise cause anxiety? No.

Does the dataset relate to people? If not, you may skip the remaining

questions in this section. No.

Does the dataset identify any subpopulations (e.g., by age, gender)?

NA

Is it possible to identify individuals (i.e., one or more natural persons),

either directly or indirectly (i.e., in combination with other data) from

the dataset? NA



Does the dataset contain data that might be considered sensitive in any

way (e.g., data that reveals racial or ethnic origins, sexual orientations,

religious beliefs, political opinions or union memberships, or locations;

financial or health data; biometric or genetic data; forms of government

identification, such as social security numbers; criminal history)? NA

B.1.3 Collection process

How was the data associated with each instance acquired? The data was

generated.

What mechanisms or procedures were used to collect the data (e.g.,

hardware apparatus or sensor, manual human curation, software program,

software API)? The images were rendered using Blender 2.9.3 software on

generic systems.

If the dataset is a sample from a larger set, what was the sampling

strategy (e.g., deterministic, probabilistic with specific sampling proba-

bilities)? See the similar question in the Composition section.

Who was involved in the data collection process (e.g., students, crowd-

workers, contractors) and how were they compensated (e.g., how much

were crowdworkers paid)? The authors were involved in the process of gener-

ating this dataset.

Over what timeframe was the data collected? The datasets were rendered

over a period of several weeks.

Were any ethical review processes conducted (e.g., by an institutional

review board)? No.

Does the dataset relate to people? If not, you may skip the remainder

of the questions in this section. No.



B.1.4 Preprocessing/cleaning/labeling

Was any preprocessing/cleaning/labeling of the data done (e.g., dis-

cretization or bucketing, tokenization, part-of-speech tagging, SIFT

feature extraction, removal of instances, processing of missing values)?

No, the dataset was generated together with labels.

Was the “raw” data saved in addition to the preprocessed/cleaned/la-

beled data (e.g., to support unanticipated future uses)? NA

Is the software used to preprocess/clean/label the instances available?

NA

B.1.5 Uses

Has the dataset been used for any tasks already? In the paper we show

and benchmark the intended use of this dataset for unsupervised multi-object

segmentation setting.

Is there a repository that links to any or all papers or systems that use

the dataset? We will be listing these on the website.

What (other) tasks could the dataset be used for? We include additional

information maps when generating this dataset, which could be used for exploring

value of using extra modalities for supervision or as targets. As mentioned before,

we also generated necessary metadata for CLEVR-like QA task.

Is there anything about the composition of the dataset or the way it was

collected and preprocessed/cleaned/labeled that might impact future

uses? No.

Are there tasks for which the dataset should not be used? This dataset

is meant for research purposes only.



B.1.6 Distribution

Will the dataset be distributed to third parties outside of the entity

(e.g., company, institution, organization) on behalf of which the dataset

was created? No.

How will the dataset will be distributed (e.g., tarball on website, API,

GitHub)? The dataset and related evaluation code is available on the web-

site https://www.robots.ox.ac.uk/~vgg/research/clevrtex/ allowing users

to download and read-in the data.

When will the dataset be distributed? The dataset is available now.

Will the dataset be distributed under a copyright or other intellectual

property (IP) license, and/or under applicable terms of use (ToU)?

CC-BY.

Have any third parties imposed IP-based or other restrictions on the

data associated with the instances? The original textures used in rendering

objects are copyrighted by Poliigon Pty Ltd and cannot be redistributed to a

third party. This only applies to texture images used in creating this dataset.

The materials used for main dataset are freely available under non-commercial

license and we include instructions to retrieve them alongside the generation code.

Textures used in evaluation-only OOD variant are not available free of charge

(we obtained them under a commercial license), but their catalogue is similarly

included with the code. The dataset instances themselves do not have IP-based

restrictions.

Do any export controls or other regulatory restrictions apply to the

dataset or to individual instances? Not that we are are of. Regular UK laws

apply.

B.1.7 Maintenance

Who is supporting/hosting/maintaining the dataset? The dataset is sup-

ported by the authors and by the VGG research group. The main contact person

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


is Laurynas Karazija.

How can the owner/curator/manager of the dataset be contacted (e.g.,

email address)? The authors of this dataset can be reached at their e-mail

addresses: {laurynas,chrisr,iro}@robots.ox.ac.uk.

Is there an erratum? If errors are found and erratum will be added to the

website.

Will the dataset be updated (e.g., to correct labeling errors, add new

instances, delete instances)? Any potential future updates or extension will

be communicated via the website. The dataset will be versioned.

If the dataset relates to people, are there applicable limits on the

retention of the data associated with the instances (e.g., were individuals

in question told that their data would be retained for a fixed period of

time and then deleted)? NA

Will older versions of the dataset continue to be supported/hosted/-

maintained? We plant to continue hosting older versions of the dataset.

If others want to extend/augment/build on/contribute to the dataset, is

there a mechanism for them to do so? Yes, we make the dataset generation

code available.

B.1.8 Other questions

Is your dataset free of biases? Yes.

Can you guarantee compliance to GDPR? No, we are unable to comment

on legal issues.

B.1.9 Author statement of responsibility

The authors confirm all responsibility in case of violation of rights and confirm the

licence associated with the dataset and its images.



B.2 Dataset

The dataset can be accessed at https://www.robots.ox.ac.uk/~vgg/research/

clevrtex. In ClevrTex and its variants, each instance contains:

1. RBG scene image

2. semantic mask image

3. depth mask image

4. shadow mask image

5. albedo mask image

6. normal mask image

7. Metadata JSON, which further details:

(a) number of objects

(b) background material

(c) shape of each object

(d) size of each object

(e) rotation of each object

(f) scene (3D) coordinates of each object

(g) image (2D) coordinates of each object

(h) material of each object

(i) color (only relevant on VarBG) of each object

(j) scene directions (CLEVR metadata)

(k) object relationships (CLEVR metadata)

All images are provided as PNG. We also provide code for reading in the dataset and

evaluation utilities for general performance metrics and per-shape/material/size

breakdown. The dataset is provided under the CC-BY license.

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


B.3 Supplementary Material

B.3.1 Data

All images are center-cropped to a 192× 192 patch and further downsampled to

128 × 128 pixels as a pre-processing step before being fed to the models. This

introduces partially visible objects in the datasets, removes uninteresting empty

edges of the scenes, and lowers the computational load. Many of the benchmarked

models were developed to work with such resolution. We include helper code to

load our datasets for convenience. For CLEVR we are using a version that includes

segmentation masks for evaluation1, for which we adopt the standard 70k/15k/15k

train/validation/test splits.

B.3.2 Metrics

As previously mentioned, prior work [Greff et al. 2019; Engelcke et al. 2020; Locatello

et al. 2020] evaluated using the adjusted Rand index (ARI) metric calculated only

on pixels that correspond to the foreground objects, filtered using ground-truth

data. We share the concern of some authors [Engelcke et al. 2020; Monnier et

al. 2021] that such evaluation protocol does not account for whether objects are

considered a part of the background and how well models segment object boundaries.

Instead, we opt for the mIoU metric, familiar from the supervised segmentation

setting. The predicted objects are matched with ground truth segments using the

Hungarian matching algorithm, which assigns only a single predicted component

to each true mask, maximizing overall overlap. A mean is taken over all objects,

including the background. We provide side-by-side comparison of these metrics on

all benchmarked models in tables B.1 and B.2. We chose mIoU in favor of ARI

metric, as it weights all objects equally irrespective of their size. ARI is based on

counting pairs, thus it gives larger regions such backgrounds more weight.

B.3.3 Hyper-parameters

Where available in PyTorch, we use the official implementation for the benchmarked

methods. Otherwise, we use a re-implementation, checked against the original

method, and further verify that it produces similar results to those reported in the
1Available at https://github.com/deepmind/multi_object_datasets.

https://github.com/deepmind/multi_object_datasets


Table B.1: Benchmark results on CLEVR, ClevrTex, CAMO, and OOD
comparing ARI-FG and mIoU metrics. Results are shown (±σ) calculated over 3
runs.

Model CLEVR ClevrTex OOD CAMO
↑ARI-FG (%) ↑mIoU (%) ↑ARI-FG (%) ↑mIoU (%) ↑ARI-FG (%) ↑mIoU (%) ↑ARI-FG (%) ↑mIoU (%)

□□ SPAIR* [Crawford and Pineau 2019] 77.13 ± 1.92 65.95 ± 4.02 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00
□□ SPACE [Z. Lin et al. 2020b] 22.75 ± 14.04 26.31 ± 12.93 17.53 ± 4.13 9.14 ± 3.46 12.71 ± 3.44 6.87 ± 3.32 10.55 ± 2.09 8.67 ± 3.50
□□ GNM [Jiang and Ahn 2020] 65.05 ± 4.19 59.92 ± 3.72 53.37 ± 0.67 42.25 ± 0.18 48.43 ± 0.86 40.84 ± 0.30 15.73 ± 0.89 17.56 ± 0.74
♣□ MN [Smirnov et al. 2021] 72.12 ± 0.64 56.81 ± 0.40 38.31 ± 0.70 10.46 ± 0.10 37.29 ± 1.04 12.13 ± 0.19 31.52 ± 0.87 8.79 ± 0.15
♣□ DTI [Monnier et al. 2021] 89.54 ± 1.44 48.74 ± 2.17 79.90 ± 1.37 33.79 ± 1.30 73.67 ± 0.98 32.55 ± 1.08 72.90 ± 1.89 27.54 ± 1.55
⊞ GenV2 [Engelcke et al. 2021] 57.90 ± 20.38 9.48 ± 0.55 31.19 ± 12.41 7.93 ± 1.53 29.04 ± 11.23 8.74 ± 1.64 29.60 ± 12.84 7.49 ± 1.67
⊞ eMORL [Emami et al. 2021] 93.25 ± 3.24 50.19 ± 22.56 45.00 ± 7.77 12.58 ± 2.39 43.13 ± 9.28 13.17 ± 2.58 42.34 ± 7.19 11.56 ± 2.09
⊞ MONet [C. P. Burgess et al. 2019] 54.47 ± 11.41 30.66 ± 14.87 36.66 ± 0.87 19.78 ± 1.02 32.97 ± 1.00 19.30 ± 0.37 12.44 ± 0.73 10.52 ± 0.38
⊞ SA [Locatello et al. 2020] 95.89 ± 2.37 36.61 ± 24.83 62.40 ± 2.23 22.58 ± 2.07 58.45 ± 1.87 20.98 ± 1.59 57.54 ± 1.01 19.83 ± 1.41
⊞ IODINE [Greff et al. 2019] 93.81 ± 0.76 45.14 ± 17.85 59.52 ± 2.20 29.17 ± 0.75 53.20 ± 2.55 26.28 ± 0.85 36.31 ± 2.57 17.52 ± 0.75

Table B.2: Results on PlainBG,VarBG, and GrassBG variants, comparing
ARI-FG and mIoU metrics.

Model PlainBG VarBG GrassBG
↑ARI-FG (%) ↑mIoU (%) ↑ARI-FG (%) ↑mIoU (%) ↑ARI-FG (%) ↑mIoU (%)

□□ SPAIR* [Crawford and Pineau 2019] 51.75 39.32 0.05 0.00 0.00 0.00
□□ SPACE [Z. Lin et al. 2020b] 34.25 31.96 29.36 16.10 32.52 33.85
□□ GNM [Jiang and Ahn 2020] 40.73 26.49 66.79 49.78 67.31 53.15
♣□ MN [Smirnov et al. 2021] 38.34 10.16 43.64 11.51 59.79 34.80
♣□ DTI [Monnier et al. 2021] 77.74 36.03 81.56 38.82 82.37 37.65
⊞ GenV2 [Engelcke et al. 2021] 85.33 24.39 66.04 14.40 21.12 2.88
⊞ eMORL [Emami et al. 2021] 52.00 29.39 50.18 22.92 69.64 19.38
⊞ MONet [C. P. Burgess et al. 2019] 57.10 38.72 51.87 23.73 37.97 21.29
⊞ SA [Locatello et al. 2020] 51.75 39.32 89.78 62.57 43.55 12.88
⊞ IODINE [Greff et al. 2019] 54.32 23.83 75.33 39.86 66.91 25.76

corresponding papers. Where the original methods have been applied to CLEVR

(or its variant), we employ the same hyper-parameter configuration for CLEVR.

For other datasets or methods that have not been trained on CLEVR, we follow a

best-effort approach to tuning hyper-parameters.

For MONet [C. P. Burgess et al. 2019], we reduced the batch size from 64 to 63

(3× 21). IODINE [Greff et al. 2019] and MONet were trained for 300k iterations

instead of 1M as we noticed that no changes to learned configurations, running

loss, or performance improvements were taking place after 250k iterations. For

MONet, IODINE we found the original configuration worked well enough. For

SPACE [Z. Lin et al. 2020b], we concentrated on finding a suitable setting for

output standard deviation for foreground and background networks. Despite higher

values being crucial for both Genesis and GNM models, we could not identify a

configuration that produced better results than the original 0.15 in our exploration.

The following describes any adjustments made to the original configurations for

other models.

Slot Attention [Locatello et al. 2020] We use 11 slots on all tests. We varied

the number of attention iterations. We have found the model to perform the best

when trained using 3. We maintained the original learning rate, batch size, and



optimizer settings and trained for the suggested 500k iterations.

Efficient MORL [Emami et al. 2021] We increase the number of components

to 11 and change the input resolution to 128× 128 to be inline with other methods

studied. GECO reconstruction target is further adjusted to account for change

in resolution. We use the value of −108 000 for CLEVR and PlainBG. We use

higher values of −61 000 for VarBG and GrassBG and −73 000 for ClevrTex,

OOD, and CAMO, due to more complex backgrounds. We considered a set

of {−8 000,−48 000,−61 000,−69 000,−73 000,−108 000,−112 000}, selecting the

best performing ones. eMORL†: following the release of ClevrTex, the codebase

of eMORL has been updated including configuration settings for ClevrTex. The

authors provided us with trained models that show better performance (table 2.3)

in our evaluation.

GNM [Jiang and Ahn 2020] We use a 4× 4 slot grid with total of 16 slots

and a latent dimension of 64 for objects and 10 for background. We found the

model extremely sensitive to the output standard deviation. We found values 0.2

on CLEVR and 0.5 on ClevrTex worked well. It is worth noting that in our

testing, with values of 0.4 and 0.6, GNM could not learn to segment the scene. We

trained for 300k iteration.

GenesisV2 [Engelcke et al. 2021] We focused our hyper-parameter selection on

the output standard deviation and GECO [Rezende and Viola 2018] objective. On

CLEVR we used GECO goal of 0.5655 and output standard deviation of 0.7, which

was crucial for model to learn as lower values did not produce good segmentations.

On ClevrTex we lowered the GECO goal to 0.5, which outperformed CLEVR

setting.

SPAIR* [Crawford and Pineau 2019] As mentioned before, we incorporated

a background VAE network into SPAIR by using a convolutional encoder and a

spatial broadcast decoder [Watters et al. 2019b]. We also replaced MLP-based

glimpse decoder with a similar spatial broadcast decoder. Additionally, we added

an extra convolution in the backbone network to handle inputs of 128× 128 size.

In this configuration, SPAIR had 16 slots. We set the latent dimension of objects

to 64, and background to 1 on CLEVR and 4 on ClevrTex. We trained for 250k



iterations using a batch size of 128, Adam optimizer, learning rate of 1e-4, with

gradient clipping when norm exceeded 1.0. We used β value of 2.7. On CLEVR

we used the output standard deviation of 0.15. On ClevrTex, we annealed the

value from 0.5 to 0.15 over 50k iterations. On CLEVR, the object presence prior

hyper-parameter s was annealed from 0.0001 to 0.99 over 10k, on ClevrTex, over

50k iterations.

Table B.3: Architecture of component
networks changed in SPAIR*.

Conv Encoder

Layer Size/Ch. Act. Comment

Conv 3× 3 32 ReLU stride 2

Conv 3× 3 32 ReLU stride 2

Conv 3× 3 64 ReLU stride 2

Conv 3× 3 64 ReLU stride 2

Avg P 1× 1

MLP 128 ReLU

MLP ||µ||+ ||σ|| Softplus for σ only

Broadcast Decoder

Layer Size/Ch. Act. Comment

Broadcast add coord.

Conv 3× 3 32 ReLU no pad

Conv 3× 3 32 ReLU no pad

Conv 3× 3 32 ReLU no pad

Conv 3× 3 32 ReLU no pad

Conv 1× 1 4 Sigmoid for masks only

DTISprites [Monnier et al. 2021] On

CLEVR, we used the setting used for

CLEVR6 in the original work except for

increasing the possible number of objects.

We found that using ten slots leads to bet-

ter segmentation results than setting to 11

as with other models (one more than the

max number of objects). On ClevrTex,

we used color and protective transforms for

both sprites and backgrounds.

MarioNette [Smirnov et al. 2021] We

adjusted the model to learn to select and use

from a dictionary of backgrounds, same as

sprites. Additionally, we lowered the layer

size to 4, using two layers, which gives 32

possible slots of size 64×64. On ClevrTex,

we increased the sizes of both background

and sprite dictionaries to as large as would fit in GPU memory. We trained with 60

sprites and single background on CLEVR, PlainBG, and GrassBG increasing

the number of backgrounds to 60 on VarBG and ClevrTex.

B.3.4 Extra Figures

Here, we include extra figures listing additional output for all benchmarked models

on CLEVR, ClevrTex, test sets and variants (fig. B.1). fig. B.2 contains

example output of sprite- and glimpse-based models when they fail to learn correct

foreground and background elements and learn to tile the image instead.
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Figure B.1: Comparison of various model reconstruction and segmentation outputs
on CLEVR, ClevrTex and variants. Best viewed digitally.

B.3.5 Dataset Construction

The main method of how the dataset is constructed is described in section 2.3.1.

Here, we include additional figures to showcase some steps in the dataset creation

and provide catalog of materials used.
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Figure B.2: Tiling behaviour common to glimpse- ( □□) and sprite-based ( ♣□) models.
Such tiling occurred whenever the model could not reproduce the foreground and
background elements with respective component networks to sufficient accuracy.
The models are trained on ClevrTex. GNM is shown here trained with output
σ = 0.3.

Lighting fig. B.4 shows the possible range of randomizing light positions in

the scene, from warm closeup light positions with lots of shadows falling onto

other objects to distant lights casting small soft shadows onto background even in

crowded scenes. fig. B.4 also shows 4 possible shapes at 3 possible scales used in

the ClevrTex.

Shape Adjustments ClevrTex features only 4 simple objects. This is miti-

gated by a range of material-specific geometry adjustments, bumping and trans-

parency mapping applied to the seed shapes. fig. B.5 shows the effect of the shape

perturbations in a scene where no other material properties have been applied to

the objects.

Camera The camera position is jitterred along with lights. We use a perspective

camera with a focal length of 0.035m and 0 shift.

Dataset Splits ClevrTex and variants are split into test/val/train datasets

using 10%/10%/80% proportions after generation. The splits are made based on

the index of the example, that is first 10% form test split. This simple scheme is

motivated by the uniform sampling of the scene composition. fig. B.3 shows that



(a) Background materials (b) Object materials

Figure B.3: Distribution of 60 materials in ClevrTex dataset between train/-
val/test splits, shown as a percentage. (a) shows distribution for the background.
(b) shows distribution for objects.

Figure B.4: Effects of jittering light positions in the scenes. The images show
two extremes with the mean position in the middle. The images also contain a
showcase of 4 shapes present in the main ClevrTex dataset at 3 possible scales.
The scenes are rendered without any materials.

this results in roughly proportional distribution of materials for both backgrounds

and objects across dataset splits. OOD variant is test-only.

Materials fig. B.6 contains the list of 60 materials used in generating ClevrTex

and its PlainBG, VarBG, GrassBG, and CAMO variants. Please see our

generation code for further information. fig. B.7 contains 25 materials used in

OOD variant.



Figure B.5: Showcase of a diverse set of shape perturbations applied the basic
cube (top left) through a combination of displacement mapping, bumping and
transparency mapping. Other material properties are not applied to the objects to
show only the displacement details.



Figure B.6: Materials used in ClevrTex dataset.



Figure B.7: Materials used in OOD dataset variant.
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Appendix C

Guess What Moves: Unsupervised

Video and Image Segmentation by

Anticipating Motion

Supplementary Material

In this supplementary material, we provide further details on our training param-

eters in Appendix C.1. Appendix C.2 contains the closed form solution of the

fitting of the flow model θ. Expanded experiments and ablations are found in

Appendix C.3. Finally, more qualitative results are presented in appendix C.4.

See the project page, https://www.robots.ox.ac.uk/~vgg/research/gwm, for

additional visualizations, code and models.

C.1 Experimental Setup

Network. We use MaskFormer [B. Cheng et al. 2021] as our segmentation

network1, and use only the segmentation head. As MaskFormer predicts masks at

4 times lower resolution than input, we modify the PixelDecoder by appending

[Conv(3), UpsampleNN(2), Conv(1)]×2 to its output layers to bring the masks

back up to the input resolution.

For the backbone and appearance features V , we leverage a ViT-8 transformer,
1Implementation from https://github.com/facebookresearch/MaskFormer.

185

https://www.robots.ox.ac.uk/~vgg/research/gwm
https://github.com/facebookresearch/MaskFormer


pre-trained on ImageNet [Russakovsky et al. 2015] in a self-supervised manner

using DINO [Caron et al. 2021] to avoid any external sources of supervision. For

the hierarchical backbone features to decoder we use the key feature outputs from

layers 6, 8, 10, 12.

The input RGB images are interpolated (bi-cubic) to 128× 224 resolution for input

to the network. We interpolate (nearest neighbor) the optical flow to 480× 854 for

the loss. Output segmentation logits are up-sampled using bi-linear interpolation

to the flow resolution for training and again to annotation resolution for evaluation.

Training Hyperparameters. The networks are optimised using AdamW [Loshchilov

and Hutter 2018], with learning rate of 1.5× 10−4, a schedule of linear warm-up

from 1.0× 10−6 to 1.5× 10−4 over 1.5k iteration and polynomial decay afterwards.

We use batch size of 8 and train for 15k iterations. We additionally employ gradient

clipping when the 2-norm exceeds 0.01 for stability. The loss multiplier is 0.03.

UNet. For experiments using U-Net2, we use the standard 4-layer version. The

batch-size is increased to 16 and learning rate to 7.0 × 10−4. We also clip the

gradients only when 2-norm exceeds 5.0. All other settings, including optimizer and

learning rate schedules, are kept the same. U-Net is not pre-trained and trained

from scratch.

Optical Flow. Our method derives its learning signal from optical flow estimated

using off-the-shelf frozen networks. We estimate optical flow for all frames on DAVIS,

STv2, and FBMS following the practice of MotionGrouping [Charig Yang et al.

2021]. We employ RAFT [Teed and J. Deng 2020] (supervised) using the original

resolution for our main experiments, and gaps between frames of {−2,−1, 1, 2} for

DAVIS and STv2, and {−6,−3, 3, 6} on FBMS. When multiple flows are associated

with a single frame (multiple gaps), we sample one at random for each iteration.
2Implementation from https://github.com/milesial/Pytorch-UNet.

https://github.com/milesial/Pytorch-UNet


C.2 Quadratic Flow Model: Closed Form Solu-

tion

Consider one of K regions m and define wu ∝ P (mu = k|I, Φ) the posterior

probability for that region, normalized so that ∑u∈Ω wu = 1 (the scaling factor does

not matter for the purpose of finding the minimizer). We can obtain the minimizer

(A∗, b∗) and minimum of the energy

E(A, b) =
∑
u∈Ω

wu∥Fu − Au− b∥2 (C.1)

as follows. Defining

ū :=

u

1

 , M :=
[
A b

]
∈ R2×6

allows rewriting the energy as

E(M) =
∑
u∈Ω

wu∥Fu −Mū∥2 = tr
(
ΛF F −MΛΩ̄F − ΛF Ω̄M⊤ + MΛΩ̄Ω̄M⊤

)
,

where

ΛF F =
∑
u∈Ω

wuFuF⊤u , ΛF Ω̄ =
∑
u∈Ω

wuFuū⊤, ΛΩ̄F = Λ⊤F Ω̄, ΛΩ̄Ω̄ =
∑
u∈Ω

wuūū⊤.

are the (uncentered) second moment matrices of the flow Fu and homogeneous

coordinate vectors ū. By inspection of the trace term, the gradient of the energy is

given by:
dE(M)

dM
= 2 (ΛF Ω̄ −MΛΩ̄Ω̄)

Hence, the optimal regression matrix M∗ and corresponding energy value are

M∗ = ΛF Ω̄Λ−1
Ω̄Ω̄, E(M∗) = tr (ΛF F −M∗ΛΩF̄ ) .

Somewhat more intuitive results can be obtained by centering the moments and



resolving for A and b instead of M . Specifically, define:

µΩ :=
∑
u∈Ω

wuu, µF :=
∑
u∈Ω

wuFu.

The covariance matrices of the vectors are:

ΣF F =
∑
u∈Ω

wu(Fu − µF )(Fu − µF )⊤, ΣF Ω =
∑
u∈Ω

wu(Fu − µF )(u− µΩ)⊤,

ΣΩF = Λ⊤F Ω, ΣΩΩ =
∑
u∈Ω

wu(u− µΩ)(u− µΩ)⊤.

It is easy to check that

ΛF F = ΣF F +µF µ⊤F , ΛF Ω̄ =
[
ΣF Ω + µF µ⊤Ω µF

]
, ΛΩ̄Ω̄ =

ΣΩΩ + µΩµ⊤Ω µΩ

µ⊤Ω 1

 .

From this:

M∗ = ΛF Ω̄Λ−1
Ω̄Ω̄ =

[
ΣF Ω + µF µ⊤Ω µF

] ΣΩΩ + µΩµ⊤Ω µΩ

µ⊤Ω 1


−1

=
[
ΣF Ω + µF µ⊤Ω µF

]  Σ−1
ΩΩ −Σ−1

ΩΩµΩ

−µ⊤ΩΣ−1
ΩΩ 1 + µ⊤ΩΣ−1

ΩΩµΩ


=
[
ΣF ΩΣ−1

ΩΩ µF − ΣF ΩΣ−1
ΩΩ µΩ

]
=
[
A∗ b∗

]
.

Hence, the optimal regression coefficients and energy value are also given by:

A∗ = ΣF ΩΣ−1
ΩΩ, b∗ = µF − A∗µΩ.

C.3 Further Experiments

C.3.1 Generalization in Unsupervised Video Segmentation

We also test our model in a video generalization setting. In contrast to the protocol

of [Yanchao Yang et al. 2019; Charig Yang et al. 2021], where evaluation set is

observed together with training to infer masks jointly3, here we train only on frames

from the training set. We report performance on unseen videos. In this case, our
3Note, no annotations are observed at any point.



Model Flow DAVIS (J ↑) FBMS (J ↑)

[R. Liu et al. 2021] AMD (100 steps) ✗ 57.8 47.5
Ours (Zero shot) ARFlow 62.5 65.4
Ours (20 steps) ARFlow 65.2 67.6

[Meunier et al. 2022] EM RAFT 69.3 57.8
Ours (Zero shot) RAFT 66.8 73.2
Ours (20 steps) RAFT 76.3 77.1

Table C.1: Generalization performance on unseen videos. Few unsupervised
methods operate in this setting. AMD trains on YT-VOS, followed by 100 test-time
adaptation steps, while EM trains on FlyingThings3D using flow as input. We use
(fully unsupervised) ARFlow for fair comparison with AMD. Our method shows
better performance after observing motion. (Test-time adaptation uses the training
loss. No GT is involved at any point.)

Backbone Backbone DAVIS STv2 FBMS
model pretraining Sup. J ↑ J ↑ J ↑

ViT-8 ImageNet DINO ✗ 79.5 78.3 77.4
UNet None ✗ 78.3 76.8 72.0

SWIN-tiny ImageNet MOBY ✗ 78.3 77.4 74.6
SWIN-tiny ImageNet CLS ✓ 78.9 77.7 75.5
SWIN-tiny None ✗ 78.3 75.2 68.8
Resnet-50 ImageNet CLS ✓ 77.5 75.8 72.9

Table C.2: Effect of Pretraining/Backbone. Our method with MaskFormer
benefits from pretraining, with slight improvement offered by supervised (CLS)
over unsupervised (MOBY ) pretraining (usng SWIN transformer). Comparable
results can be obtained with training from scratch. Best results are obtained using
DINO features.

method independently segments a collection of frames from a new video, with no

way to incorporate motion information.

To “observe” motion on unseen inputs, we also report results after taking 20 test-

time adaptation steps (using our unsupervised loss) for each evaluation sequence

in isolation (c.f. AMD [R. Liu et al. 2021] takes 100 test-time adaptations steps).

That is after training, we follow our training setup (optimizer, rate, batch size) and

feed frames from the evaluation video and corresponding optical flow, calculate loss

and take gradient steps. Despite other methods using much larger training sets,

our approach shows better performance (table C.1).

C.3.2 Ablation Studies

Pretraining. Compared to recent methods for video segmentation [Charig Yang

et al. 2021; Meunier et al. 2022], one of the benefits of our formulation is that we



DAVIS STv2 FBMS
Model K Merge J ↑ J ↑ J ↑

Ours K = 4 ✓ 79.5 78.3 77.4

Spectral clustering K = 2 ✗ 15.79 14.89 27.45

K-Means K = 4 ✓ 41.79 34.84 48.80
K-Means K = 2 ✗ 20.24 21.14 38.25

Table C.3: Feature Clustering without Motion. We experiment with offline
clustering of DINO features to assess the importance of our motion-based formu-
lation. Simply clustering DINO features using K-Means or spectral clustering
[Melas-Kyriazi et al. 2022a] into 2 clusters performs worse. Over-clustering and
merging using our cluster-merging approach performs better but still fails to reach
our performance.

can leverage unsupervised pretraining for the segmentation network (e.g., for the

ViT backbone of MarkFormer). This enables our method to be trained in only 15k

iterations. Here, we investigate the importance of the backbone. To this end we

replace ViT with Swin-tiny pretrained using MOBY (self-supervised) in table C.2.

The performance differences are small.

Additionally, we investigate the effect of other pretraining strategies on the perfor-

mance. Switching to a model pretrained on ImageNet with image-level supervision

(i.e. a classification task) only slightly improves performance showing that the

method does not need to rely on supervised pre-training. Finally, we train the

model using same settings for 20k iterations from scratch, without any pre-training.

This results in comparable performance on DAVIS but reduced performance on the

smaller datasets. Comparing backbones without pre-training, UNet gives better

results than SWIN-tiny, likely due to smaller networks being easier to train on

small datasets.

Feature Clustering without Motion. To demonstrate the potential of using

motion for discovering objects, in table C.3, we compare to additional baselines

that only rely on clustering visual features. Spectral feature clustering with K = 2

(based on [Melas-Kyriazi et al. 2022a]), on the same visual features we use to merge

segments (i.e., DINO) after over-clustering, shows (somewhat unsurprisingly) that

learning from motion is important for motion segmentation. Similarly, K-means

(K = 2) on the same features also falls behind our method. Yet, we show that

K-means also benefits from over-clustering (K = 4) and then merging.



Opt. Flow Sup. DAVIS (J ↑)

[Liang Liu et al. 2020] ARFlow ✗ 66.9
[D. Sun et al. 2018] PWCNet ✓ 74.9

[Teed and J. Deng 2020] RAFT ✓ 79.5

Table C.4: Choice of Optical Flow
Method. Measuring the influence of
the method to extract optical flow.

Method DAVIS (J ↑)

[Charig Yang et al. 2021] MG 53.2
[R. Liu et al. 2021] AMD 57.8

Ours 66.9

Table C.5: Fully Unsupervised
Video Object Segmentation. Com-
parison to the state of the art in unsu-
pervised VOS without reliance on any
supervision

CUB DUTS ECSSD OMRON

Acc J ↑ maxFβ ↑ Acc J ↑ Fβ ↑ Acc J ↑ Fβ ↑ Acc J ↑ Fβ ↑

[X. Xia and Kulis 2017] WNet† – 24.8 – – – – – – – – – –
[Ji et al. 2019a] IIC-seg – 36.5 – – – – – – – – – –

[Bielski and Favaro 2019] PertGAN – 38.0 – – – – – – – – – –
[M. Chen et al. 2019] ReDO 84.5 42.6 – – – – – – – – – –

[Kanezaki 2018] UISB – 44.2 – – – – – – – – – –
[Benny and Wolf 2020] OneGAN – 55.5 – – – – – – – – – –

[Yu et al. 2021] DRC – 56.4 – – – – – – – – – –
[X. He et al. 2022] GANSeg – 62.9 – – – – – – – – – –

[Voynov et al. 2021] Voynov et al. 94.0 71.0 80.7 88.1 51.1 60.0 90.6 68.4 79.0 86.0 46.4 53.3
[R. Liu et al. 2021] AMD – – – – – 60.2 – – – – – –

[Melas-Kyriazi et al. 2022b] Kyriazi et al. 92.1 66.4 78.3 89.3 52.8 61.4 91.5 71.3 80.6 88.3 50.9 58.3
[Melas-Kyriazi et al. 2022a] Kyriazi et al. – 76.9 – – 51.4 – – 73.3 – 56.7 –
[Yanchao Yang et al. 2021] DyStaB† – – – – – – – – 88.1 – – 73.9

[Y. Wang et al. 2022] TokenCut – – – 90.3 57.6 – 91.8 71.2 – 88.0 53.3 –
[Shin et al. 2022a] SelfMask – – – 92.3 62.6 – 94.4 78.1 – 90.1 58.2 –

Ours 93.5 64.6 80.9 91.5 49.2 65.6 88.5 56.1 74.3 89.3 41.31 56.3

Table C.6: Expanded unsupervised object segmentation benchmark CUB
and three saliency detection benchmarks: DUTS, ECSSD, and DUT-OMRON
(OMRON ). † DyStaB uses CRF post-processing, supervised pre-training, and
self-training on each dataset.

Flow Estimation. Finally, our method relies on optical flow estimated by frozen,

off-the-shelf networks. So far we have been using RAFT [Teed and J. Deng 2020],

as such optical flow network was adopted in our baselines. In table C.4, we also

consider PWCNet [D. Sun et al. 2018] and fully-unsupervised ARFlow [Liang Liu

et al. 2020]. We observe that the performance of the flow estimator has an impact

on the final performance of our method. Finally, we compare our fully unsupervised

model (which uses self-supervised pretraining and flow) to fully unsupervised state-

of-the-art methods. Appearance-Motion Decomposition (AMD) [R. Liu et al. 2021]

works end-to-end and directly extracts motion features from pairs of images with a

PWCNet-like architecture, while MotionGrouping (MG) [Charig Yang et al. 2021]

and our method use ARFlow [Liang Liu et al. 2020] for optical flow estimation.

In table C.5 we show that our method achieves a significant improvement over

previous approaches.



C.4 Additional Results and Discussion

We provide a further breakdown of our results in tables C.7 to C.9, reporting per

sequence evaluation results on the video segmentation tasks.

Video object segmentation and egomotion. We note that some sequences

have pronounced egomotion (e.g., camera shaking in libby of DAVIS or inside a

moving car in camel01 of FBMS). Our model performs well on these sequences,

demonstrating that it can handle egomotion. When only the camera is moving, the

resulting optical flow would still highlight objects due to parallax. This provides a

learning signal, however, it would likely be weaker for objects farther away from

the camera. As our method works on a per-frame basis and does not require flow

during inference, this should not have an impact at test time. However, fine-tuning

on scenes with only egomotion (see appendix C.3.1 for experiments investigating

test-time adaptation) and only small or far away objects, might lead to the model

learning to ignore them.

Image segmentation. For unsupervised image segmentation, we show some

additional qualitative results for CUB in fig. C.1, DUT-OMRON in fig. C.2, DUTS

in fig. C.3, and ECSSD in fig. C.4. Our model, trained on a combined dataset of

DAVIS, FBMS and STv2, is robust enough to handle a wide array of classes from

the above datasets in varying context. Our model can segment both stationary and

non-stationary objects and works well when multiple objects are in the foreground.

In fig. C.5, we show a few failure cases for all datasets, where the model struggles

mostly with ambiguous foreground objects and, in particular, with close-ups of

stationary objects, e.g. signs (ECSSD) and buildings (DUT-OMRON). The model

also has issues with boundaries for many objects, i.e. the foreground objects are

correctly identified but the model fails to fully segment them. For example, in

DUTS, the snake in the first image has a well segmented head, however, the model

does not segment its body accurately.



w/o CRF w/ CRF
Sequence J (M) J (R) J (D) J (M) J (R) J (D)
blackswan 67.0 100.0 -0.8 67.4 100.0 1.1
bmx-trees 58.2 76.9 19.9 59.8 76.9 17.5

breakdance 86.2 100.0 4.9 87.4 100.0 5.2
camel 89.4 100.0 5.7 90.6 100.0 5.5

car-roundabout 81.4 90.4 26.7 81.2 90.4 25.8
car-shadow 84.3 100.0 9.0 83.9 100.0 8.0

cows 90.4 100.0 3.4 91.3 100.0 3.2
dance-twirl 87.4 100.0 -7.1 88.8 100.0 -6.2

dog 92.9 100.0 -1.7 93.9 100.0 -1.6
drift-chicane 78.6 98.0 2.2 82.0 100.0 2.6
drift-straight 80.6 100.0 7.2 82.1 100.0 8.2

goat 78.6 100.0 1.7 75.8 100.0 4.5
horsejump-high 84.9 100.0 6.4 88.0 100.0 4.6

kite-surf 64.4 97.9 4.5 67.5 97.9 3.1
libby 82.9 100.0 8.6 84.5 100.0 8.6

motocross-jump 74.1 78.9 4.1 75.1 81.6 4.1
paragliding-launch 62.2 65.4 33.5 64.1 66.7 35.8

parkour 86.1 100.0 -4.5 88.1 100.0 -3.1
scooter-black 82.1 97.6 -4.3 82.1 100.0 -4.3

soapbox 79.2 100.0 -2.8 81.0 100.0 -0.4
Average 79.5 95.3 5.8 80.7 95.7 6.1

Table C.7: Result breakdown on DAVIS16 validation sequences. (M ), (R),
and (D) are mean, recall and decay of IoU, respectively



w/o CRF w/ CRF
Sequence J (M) J (M)

drift 86.1 86.5
birdfall 67.8 57.1

girl 84.5 86.3
cheetah 57.0 50.8
worm 83.7 84.0

parachute 90.6 93.2
monkeydog 22.9 22.6

hummingbird 57.3 57.2
soldier 77.4 77.4
bmx 76.4 77.5
frog 84.1 86.7

penguin 77.7 76.8
monkey 75.0 75.8

bird of paradise 92.3 94.0
Seq. Avg. 73.8 73.3

Frame Avg. 78.3 78.9

Table C.8: Sequence breakdown on Seg-
Trackv2 dataset.

w/o CRF w/ CRF
Sequence J (M) J (M)
camel01 86.8 91.0

cars1 86.9 86.8
cars10 64.6 64.8
cars4 81.5 82.4
cars5 81.6 82.1
cats01 87.7 89.5
cats03 69.4 63.2
cats06 66.5 67.4
dogs01 76.3 75.6
dogs02 85.3 86.4
farm01 90.8 90.5

giraffes01 82.1 83.9
goats01 79.9 83.7
horses02 80.4 83.6
horses04 59.8 60.5
horses05 72.8 74.5
lion01 75.1 75.0

marple12 81.9 81.6
marple2 84.4 85.9
marple4 81.1 82.4
marple6 95.1 95.1
marple7 76.6 77.6
marple9 95.4 96.3
people03 90.1 91.0
people1 85.3 87.2
people2 88.1 89.7

rabbits02 91.2 91.2
rabbits03 81.5 84.4
rabbits04 43.8 44.1

tennis 73.3 74.2
Seq. Avg. 79.8 80.7

Frame Avg. 77.4 78.4

Table C.9: Sequence breakdown on
FBMS59 dataset
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Figure C.1: Qualitative Comparison on CUB. We train our model on a
combined dataset of DAVIS, FBMS and STv2. Our method can extract birds in
different environments and poses. Our model can segment different species of birds
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Figure C.2: Qualitative Comparison on DUT-OMRON. We train our model
on a combined dataset of DAVIS, FBMS and STv2. Our model can segment both
stationary and non-stationary objects and is robust enough to work on a wide
range of classes



DUTS

O
ur

s
G

T
Im

ag
e

O
ur

s
G

T
Im

ag
e

O
ur

s
G

T
Im

ag
e

Figure C.3: Qualitative Comparison on DUTS. We train our model on a
combined dataset of DAVIS, FBMS and STv2. We can segment a wide array
of classes. Our model performs well on scenes where multiple objects are in the
foreground
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Figure C.4: Qualitative Comparison on ECSSD. We train our model on a
combined dataset of DAVIS, FBMS and STv2. Our model can segment objects
from different classes in complex poses
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ECSSD

DUTS

CUB

DUT-OMRON

Figure C.5: Qualitative Comparison of Failure Cases. We train our model on
a combined dataset of DAVIS, FBMS and STv2. Our method can extract salient
object in various environments. The model has difficulty where the foreground
object is ambiguous — when there are multiple prominent objects but only few are
annotated as salient object. The model also has issues with predicting the object
boundaries well for some instances



APPENDIX D. UNSUPERVISED MULTI-OBJECT SEGMENTATION BY PREDICTING
PROBABLE MOTION PATTERNS

SUPPLEMENTARY MATERIAL

Appendix D

Unsupervised Multi-object

Segmentation by Predicting

Probable Motion Patterns

Supplementary Material

In this supplementary material, we provide additional details for our loss function

(appendix D.1), including detailed derivation steps, implementation details, and

further discussion of the advantages. appendix D.3 specifies hyperparameters used

and how they were selected. We conclude with additional ablation experiments

(appendix D.4) and results (appendix D.5). Project page and code: https://www.

robots.ox.ac.uk/~vgg/research/ppmp.

D.1 Loss derivation

The key part of our loss function is the likelihood of the optical flow p(f | m), which

serves to evaluate how probable is a region of the optical flow carved out by the

predicted masks for K regions. We assume that optical flow within a region depends

only on the region itself and that other regions have no influence. Intuitively, this

is a reasonable assumption, as in large, the movement/flow of an object does

not depend on the background or other objects. Thus, enforcing this assumption

encourages regions to correspond to objects.
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The assessment of probability of optical flow within the region is based on the

assumption that objects should be moving rigidly. We use an approximate para-

metric motion model (Eq. (2)). The parameters of the motion model θ abstract

away unknown aspects such as scene geometry and camera intrinsics but enable to

translate between assumed 3D rigid motion and 2D optical flow.

We assume that motion parameters θk ∼ N (θ; µ, Σ) come from a multivariate

Gaussian prior. This choice enables expressing marginal-likelihood in closed-form.

We model the error of the approximate motion model as zero-mean isotropic

Gaussian noise ϵ ∼ N (ϵ; 0, σ2I).

Following the motion model (Eq. (2)), the optical flow fk is an affine combination

of Gaussian random variables. Using this observation, its distribution is

p(fk |mk) = det(2π(PkΣP⊤k + σ2I))−1/2 · exp(−1
2F⊤k (PkΣP⊤k + σ2I)−1Fk), (D.9)

where Fk = fk−Πµ(Ωk)+Ωk is the centered flow within the region k. This equation

can be slightly simplified by considering its two troublesome parts, the determinant

and the quadratic form inside the exponent. For the determinant, we note the

following:

det(2πPkΣP⊤k + 2πσ2I) = (2πσ2)2nk det(1/σ2PkΣP⊤k + I)

= (2πσ2)2nk det(Σ) det(1/σ2P⊤k Pk + Σ−1) (*)

= (2πσ2)2nk

det(Λ) det(1/σ2P⊤k Pk + Λ︸ ︷︷ ︸
Sk

),

where in the line marked with (*) we apply matrix determinant lemma, and in the

last line we substitute covariance Σ−1 = Λ for the precision matrix. Similarly, the

quadratic form in the exponent can be expanded

F⊤k (PkΣP⊤k + σ2I)−1Fk = 1/σ2F⊤k (1/σ2PkΣP⊤k + I)−1Fk

= 1/σ2F⊤k
(
I − 1/σ2Pk(1/σ2P⊤k Pk + Λ)−1P⊤k

)
Fk (†)

= 1/σ2F⊤k Fk − (1/σ2)2F⊤k Pk(1/σ2P⊤k Pk + Λ︸ ︷︷ ︸
Sk

)−1P⊤k Fk,

where in the line marked with (†) the Woodbury identity is applied. The optical



flow for the whole image is modeled as a joint of independent flow regions fk, giving

the log-likelihood as

log p(f |m) =
∑

k

log p(fk |mk)

= −1
2

(
2 log(2πσ2)

∑
k

nk +
∑

k

log det Sk

det Λ + 1/σ2
∑

k

F⊤k Fk − (1/σ2)2∑
k

F⊤k PkS−1
k P⊤k Fk

)

= −1
2

(
2 log(2πσ2)n +

∑
k

log det Sk

det Λ + 1/σ2F⊤F− (1/σ2)2∑
k

F⊤LkPS−1
k P⊤LkF

)
,

(D.10)

where in the last line we introduced n = ∑
k nk = HW , the number of pixels in the

image. We also use product of selector matrices Lk = R⊤k Rk = diag(mk, mk) = L⊤k

such that F⊤k Pk = F⊤LkP . This explicitly includes masks in the expression. Finally,

we use the fact that regions partition the full image ∑k F⊤k Fk = ∑
k

∑
i(Fk)2

i = F⊤F.

We now manipulate eq. (D.10) using specific details of the motion model to arrive

at expressions that are convenient to implement in code.

D.1.1 Implementation details

Translation-only likelihood We assume that translation along x and y direc-

tions is independent, such that θ prior is a zero-mean Gaussian with isotropic

covariance τ 2I. P tr
k = diag(1nk

, 1nk
) and by extension P tr = diag(1n, 1n). The

matrix Sk simplifies to

Sk = 1/σ2P⊤k Pk + Λ = 1/σ2

(
1⊤

nk
1nk

0
0 1⊤

nk
1nk

)
+ 1/τ2I = 1/σ2(nk + σ2/τ2)I ,

such that

det Sk = (1/σ2(nk+σ2/τ2))2, log det Sk

det Λ = 2 log nk + σ2/τ2

σ2/τ2
, S−1

k = (1/σ2(nk+σ2/τ2))−1I.



Writing F⊤ = (u⊤, v⊤) to denote x and y components of the flow, respectively, the

term reduces

(1/σ2)2∑
k

F⊤LkPS−1
k P⊤LkF = 1/σ2

∑
k

F⊤L⊤k PP⊤LkF 1
nk + σ2/τ2

= 1/σ2
∑

k

1
nk + σ2/τ2

[ u⊤ v⊤ ]
[

mkm⊤
k

mkm⊤
k

]
[ u

v ]

= 1/σ2
∑

k

1
nk + σ2/τ2

(
(u⊤mk)2 + (v⊤mk)2

)
= 1/σ2

∑
k

n2
k

nk + σ2/τ2
(ū2

k + v̄2
k) ,

where in the last line we introduced mean flow ūk = n−1
k u⊤mk and v̄k = n−1

k v⊤mk.

This gives the negative log-likelihood as

log p(f |m) =
∑

k

log p(fk |mk)

= −1
2

(
2 log(2πσ2)n +

∑
k

log det Sk

det Λ + 1/σ2F⊤F− (1/σ2)2∑
k

F⊤LkPS−1
k P⊤LkF

)

= −n log(2πσ2)−
∑

k

log nk + σ2/τ2

σ2/τ2
− 1

2σ2

(
F⊤F−

∑
k

n2
k(ū2

k + v̄2
k)

nk + σ2/τ2

)

= −n log(2πσ2)−
∑

k

log nk + σ2/τ2

σ2/τ2
− 1

2σ2

n∑
i=1

(
u2

i + v2
i −

∑
k

nk(ū2
k + v̄2

k)
nk + σ2/τ2

(mk)i

)
.

(D.11)

In our implementation, we extend this equation further. Writing wk = 1−
√

σ2/τ2

nk+σ2/τ2 ,

we note that the following sum is equivalent



n∑
i=1

(ui −
∑

k

ūkwk(mk)i)2 =
n∑

i=1
(u2

i −
∑

k

2uiūkwk(mk)i +
∑

k

(mk)iw
2
kū2

k)

=
n∑

i=1
u2

i −
∑

k

2ūkwk

n∑
i=1

ui(mk)i +
∑

k

w2
kū2

k

n∑
i=1

(mk)i

=
n∑

i=1
u2

i −
∑

k

2ū2
kwknk +

∑
k

w2
kū2

knk

=
n∑

i=1
u2

i −
∑

k

ū2
knk(2wk − w2

k)

=
n∑

i=1
u2

i −
∑

k

ū2
k

nk

nk + σ2/τ2

n∑
i=1

(mk)i

=
n∑

i=1

(
u2

i −
∑

k

nkū2
k(mk)i

nk + σ2/τ2

)
,

where in the first line we make use of the fact that masks are one-hot (m)i ∈ {0, 1}k,

thus only a single term in the sums over k is non-zero, i.e. (∑k wkūk(mk)i)2 =∑
k w2

kū2
k(mk)i). Using the above insight, the log-likelihood is

log p(f |m) = −n log(2πσ2)−
∑

k

log nk + σ2/τ2

σ2/τ2

− 1
2σ2

n∑
i=1

(
(ui −

∑
k

ūkwk(mk)i)2 + (vi −
∑

k

v̄kwk(mk)i)2
)

, (D.12)

where

nk =
n∑

i=1
(mk)i , wk = 1−

√√√√ σ2/τ2

nk + σ2/τ2
.

We then replace m with m̂ from the Gumbel-Softmax approximation.

Affine motion likelihood. For the affine motion model, the full covariance

matrix Σ prevents significant further simplification. Instead, we transform the

log-likelihood (eq. (D.10)) to an equivalent form involving only 3× 3 matrices, for

which the required determinant and inverse can be calculated analytically. To that

end, we introduce the following auxiliary variables:

Gk =
[
xk yk 1nk

]
, Pk =

Gk 0

0 Gk

 , Σ−1 = Λ =

α β

γ δ

 .



Then Sk is

Sk = 1/σ2P⊤k Pk + Λ =

1/σ2G⊤k Gk + α β

γ 1/σ2G⊤k Gk + δ

 ,

with

G⊤k Gk =


x⊤k xk x⊤k yk x⊤k 1nk

x⊤k yk y⊤k yk y⊤k 1nk

x⊤k 1nk
y⊤k 1nk

1⊤nk
1nk

 .

Using this, the determinant is

det Sk = det(1/σ2G⊤k Gk + α− β(1/σ2G⊤k Gk + δ)−1γ) det(1/σ2G⊤k Gk + δ).

Similarly, the inverse is then

S−1
k =

Ak Bk

Ck Dk

 , where

Dk = (1/σ2G⊤k Gk + δ − γ(1/σ2G⊤k Gk + α)−1β)

Ck = −Dkγ(1/σ2G⊤k Gk + α)−1

Bk = −(1/σ2G⊤k Gk + α)−1βDk

Ak = (1/σ2G⊤k Gk + α)−1 −Bkγ(1/σ2G⊤k Gk + α)−1, such that

hk =
(

u⊤k xk u⊤k yk u⊤k 1nk

)
rk =

(
v⊤k xk v⊤k yk v⊤k 1nk

)
F⊤k PkS−1

k P⊤k Fk = hkAkr⊤k + rkCkh⊤k + hkBkr⊤k + rkDkr⊤k .

We implement inner products under Gumbel-Softmax as a⊤k bk = ∑n
i=1(a)i(b)i(m̂k)i,

for some vectors a, b. The coordinate vectors xk, yk have the origin set to the

centroid of the predicted region
(

xc,k
yc,k

)
= n−1

k

(
x⊤mk

y⊤mk

)
. The expressions can then be

substituted back to eq. (D.10). We show implementation in algorithm 1.

D.1.2 Further justification

We consider whether the inclusion of the prior on the motion parameters offers

any benefits. Consider a simple translation-only model. Since objects are only

translating, each pixel in a region should be very close to the mean translation



Algorithm 1 Implementation of negative flow likelihood − log p(f | m) under
affine motion prior. Key quantities in the inner loop are underlined.

1: procedure NLL(mean µ, covariance Σ, variance σ2, flow f , masks mk, height
H, width W )

2: (µ1 µ2 µ3 µ4 µ5 µ6)← µ
3: x, y← lattice(H, W )
4: [ u

v ]← f
5: Λ← Σ−1

6:
[

α β
γ δ

]
← Λ

7: for all k regions do
8: nk ←

∑
i(mk)i

9: x̂k ← x− n−1
k x⊤mk ▷ Set origin to centroid

10: ŷk ← y− n−1
k y⊤mk

11: x⊤k xk ←
∑

i(x̂k)2
i (mk)i

12: x⊤k yk ←
∑

i(x̂k)i(ŷk)i(mk)i

13: y⊤k yk ←
∑

i(ŷk)2
i (mk)i

14: x⊤k 1nk
← ∑

i(x̂k)i(mk)i

15: y⊤k 1nk
← ∑

i(ŷk)i(mk)i

16: G⊤k Gk ←

 x⊤k xk x⊤k yk x⊤k 1nk

x⊤k yk y⊤k yk y⊤k 1nk

x⊤k 1nk
y⊤k 1nk

nk


17: Dk ← (1/σ2G⊤k Gk + δ − γ(1/σ2G⊤k Gk + α)−1β)
18: Ck ← −Dkγ(1/σ2G⊤k Gk + α)−1

19: Bk ← −(1/σ2G⊤k Gk + α)−1βDk

20: Ak ← (1/σ2G⊤k Gk + α)−1 −Bkγ(1/σ2G⊤k Gk + α)−1

21: u⊤k xk ←
∑

i((u)i)((x)i − xc,k)(mk)i

22: ûk ← u− ((µ1 − 1)x̂ + µ2ŷ + µ3) ▷ Center flow according to mean
motion

23: v̂k ← v− ((µ5 − 1)ŷ + µ4x̂ + µ6)
24: F⊤k Fk ←

∑
i(ûk)2

i (mk)i +∑
i(v̂k)2

i (mk)i

25: u⊤k xk ←
∑

i(ûk)i(x̂k)i(mk)i

26: u⊤k yk ←
∑

i(ûk)i(ŷk)i(mk)i

27: u⊤k 1nk
← ∑

i(ûk)i(mk)i

28: hk ←
(
u⊤k xk u⊤k yk u⊤k 1nk

)
29: v⊤k xk ←

∑
i(v̂k)i(x̂k)i(mk)i

30: v⊤k yk ←
∑

i(v̂k)i(ŷk)i(mk)i

31: v⊤k 1nk
← ∑

i(v̂k)i(mk)i

32: rk ←
(
v⊤k xk v⊤k yk v⊤k 1nk

)
33: F⊤k PkS−1

k P⊤k Fk ← hkAkr⊤k + rkCkh⊤k + hkBkr⊤k + rkDkr⊤k
34: det Sk ← det(1/σ2G⊤k Gk + α− β(1/σ2G⊤k Gk + δ)−1γ) det(1/σ2G⊤k Gk + δ)
35: return HW log(2πσ2) + 1

2
∑

k log det Sk

det Λ + 1
2σ2

∑
k(F⊤k Fk − F⊤k PkS−1

k P⊤k Fk)



of that region. We can assess the mean for a region as
[

ūkmk
v̄kmk

]
, considering some

variance σ2 around it:

log p̂(f |m) = logN ([ u
v ];

∑
k

[
ūkmk
v̄kmk

]
, σ2I)

= −n log(2πσ2)− 1
2σ2

n∑
i=1

(
(ui −

∑
k

ūk(mk)i)2 + (vi −
∑

k

v̄k(mk)i)2
)

.

Such model, up to a scaling factor, was already considered for features [Choudhury et

al. 2021] and optical flow [Choudhury et al. 2022]. This expression for log p̂(f |m)

can be compared with our version of translation only model eq. (D.12). By

considering the prior on the motion parameters, we introduce a weighing factor

wk for each mean ūkmk, which discounts the contribution of smaller segments.

Similarly, the term ∑
k log nk+σ2/τ2

σ2/τ2 ≈ ∑
k log nk encourages larger masks, since∑

k nk = n. The prior helps to encode that larger regions should be preferred.

D.2 MovingClevrTex and MovingClevr

We extend the implementation of [Karazija et al. 2021] to generate video datasets of

CLEVR and ClevrTex scenes. We follow original sampling set up of ClevrTex

– each scene contains a random arrangement of 3–10 objects. We uniformly choose

between scenarios where a single random objects is given initial motion, two random

objects are provided initial motion or all objects are moving. We sample a random

initial translation in XY plane for the object between keyframes 0 and 3, which

builds momentum. Physics simulation takes over from keyframe 4. Mass of each

object is set to equal its scale (numerically), and we use value of 0.1 for the

‘bounciness’ parameters. This results in objects sliding, rotating due to shape and

friction, and colliding. Collisions can make other objects move. Each simulation is

5 frames long and we render keyframes 4 to 8.

We sample 10000 scenes for MovingClevrTex, which gives the same number

of frames as the original ClevrTex (where each scene had only single frame).

For MovingClevr, we sample 5000 scenes. 1000 and 500 scenes are kept as

validation for MovingClevrTex and for MovingClevr, respectively. We use

the same rendering and lighting parameters as in [Karazija et al. 2021], except we

slightly reduce the scale of the surface displacement mapping for the background.



This reduces the visibility of clipping of the detailed object geometry with the

background geometry, which might occur due to physics simulation working on

simplified meshes.

D.3 Hyperparameters

Our method can use any segmentation network Φ. We employ the recent Mask2Former1

architecture, using 6-layer CNN backbone from [Locatello et al. 2020; Kipf et al.

2022] for simulated datasets and ResNet-18 for KITTI in the main experiments. We

also experiment with Swin-tiny transformer as the backbone, as it offers balanced

performance in both visually simple and complex settings. We ablate these choices

in appendix D.4.

The networks are trained with AdamW [Loshchilov and Hutter 2018], with a

learning rate of 3 × 10−6 and batch size of 32, for 250k iterations. We employ

gradient clipping when the 2-norm exceeds 0.01 and linear learning rate warm-up

for the first 5k iterations to stabilize the training. The learning rate is reduced by

a factor of 10 after 200k iterations. When training with warping loss on MOVi

datasets, we found it beneficial to train for longer, for 500k iterations, reducing the

learning rate by factor of 10 also after 400k iterations.

We found it beneficial to linearly anneal β from 0.1 to -0.1 over 5k iterations,

encouraging the network to explore initially but focus on low-entropy distributions

in the end. We found this had the effect of encouraging the network to assign

background pixels to a single slot.

For the prior, we set σ2 (eq. (D.10)) to 0.5 and use µ = (1 0 0 0 1 0)⊤. We use the

following covariance matrix

Σ =



0.005 0 0 0 0 0

0 0.05 0 0 0 0

0 0 15 0 0 0

0 0 0 0.05 0 0

0 0 0 0 0.005 0

0 0 0 0 0 15


.

1Code available from https://github.com/facebookresearch/Mask2Former.

https://github.com/facebookresearch/Mask2Former


D.3.1 Settings in ablations

When experimenting with translation-only model, we use the same parameters

and settings where possible. We set τ 2, so 0.5, 16.0, 34.0 for CLEVR/ClevrTex,

MOVi-A, and MOVi-C, respectively (values picked from specialized covariance

matrices, see appendix D.4).

For GNM [Jiang and Ahn 2020], we use implementation and parameters described

in [Karazija et al. 2021]. Owning to our loss being lower bound on log-probability,

we simply add our loss to existing ELBO loss with hyperparameters above, only

changing σ2 = 0.1. We hypothesize that lower noise model is beneficial, as it

provides stronger learning signal in the early stages when reconstruction is noisy

due to untrained VAEs. The overfitting to errors of the motion approximation is

handled, instead, by the networks balancing between appearance reconstruction

and motion explanation objectives.

For SA [Locatello et al. 2020], we also use implementation of [Karazija et al. 2021].

SA loss is multiplied by 100 before adding our formulation.

D.3.2 Settings in KITTI

For experiments on KITTI, we replace the backbone to ResNet-18 to match prior

work. We reduce batch size to 8, increase learning rate to 10−4. Learning rate

is linearly warmed up for 10 iterations, and reduced by a factor of 10 after 5500

iterations. We employ backbone learning rate multiplier of 0.1. All other settings

as before.

D.3.3 Model parameters of comparisons

Here we describe implementation and hyperparameters used for comparative meth-

ods in our experiments.

SAVi [Kipf et al. 2022]. We follow the parameters given for conditional SAVi-

S in their code repository2, except to make SAVi unconditional we unset the

conditioning key and make the slots to be learnable parameters.
2Code available from https://github.com/google-research/slot-attention-video.

https://github.com/google-research/slot-attention-video


SCALOR [Jiang et al. 2020]. We use the optimized SCALOR parameters

mentioned by SAVi [Kipf et al. 2022] to train SCALOR. Particularly we use the

MOVI dataset parameters to train MOVi-A and MOVI++ parameters to train

MOVi-C.

GWM [Choudhury et al. 2022]. For GWM, we follow the parameters men-

tioned in the paper, except we do not employ spectral clustering and match the

number of components to our settings for each dataset.

D.4 Additional ablations

Segmentation network. We study the effect of segmentation network in ta-

ble D.1a. We find that using a much simpler U-Net [Ronneberger et al. 2015]

architecture is beneficial on MOVi-A which contains visually plain scenes. The U-

Net architecture, however, results in performance degradation on visually complex

data.

We also consider a version of Mask2Former architecture that uses much deeper

backbone, using Resnet-50 and Resnet-18, instead. We find that the deeper

backbones leads to similar performance, indicating that our formulation is not

architecture-specific. Finally, we change to MaskFormer architecture, matching the

network architecture used in [Choudhury et al. 2022], and use smaller Swin-tiny

backbone. We find that our loss formulation leads to improved performance still.

Covariance matrix. We investigate whether further improvements are possible

using specialised versions of the prior. To that end, we offset the mean translation

prior to account for the dominantly downward motion of objects on MOVi-A/MOVi-

C. We use µMOVi−A = (1 0 0 0 1 1.5)⊤ and µMOVi−C = (1 0 0 0 1 1.8)⊤, respectively.3

We use the following specialized covariance matrices:
3In our experiments, Y axis is pointing down and X is pointing right.



Table D.1: Supplementary ablations for our methods. We show the impact seg-
mentation networks have for different datasets table D.1a. We further study the
impact of our tuned covariance matrix in table D.1b. Results with post-processing
applied.

(a) Choice of Model Architecture

MOVi-A MOVi-C MovingClevrTex
Architecture # Params FG-ARI↑ mIoU↑ FG-ARI↑ mIoU↑ FG-ARI↑ mIoU↑
M2F (Swin-tiny) 47M 83.48 72.61 58.59 35.67 88.80 69.62
M2F (ResNet50) 44M 83.44 68.06 60.32 34.80 90.40 67.07
M2F (ResNet18) 31M 84.04 67.48 60.84 35.69 90.31 67.33
MF (Swin-tiny) 44M 81.78 71.28 54.45 33.67 71.07 51.06
U-Net 31M 90.79 82.85 60.28 26.62 87.03 39.66

(b) Choice of Covariance Marix

MOVi-A MOVi-C
Σ FG-ARI↑ mIoU↑ FG-ARI↑ mIoU↑
Generic 82.32 71.70 58.12 35.79
Tuned 83.48 72.61 58.59 35.67

ΣMOVi−A =



0.006 −0.00004 0 0.00004 0.001 0

−0.00004 0.04 0 −0.01 −0.00008 0

0 0 16 0 0 0

0.00004 −0.01 0 0.04 0.00004 0

0.001 −0.00008 0 0.00004 0.006 0

0 0 0 0 0 14



ΣMOVi−C =



0.02 0.00002 0 0.000009 0.002 0

0.00002 0.03 0 −0.009 −0.000006 0

0 0 36 0 0 0

0.000009 −0.009 0 0.04 −0.00007 0

0.002 −0.000006 0 −0.00007 0.02 0

0 0 0 0 0 34



We obtain the dataset specific covariance matrices by forming initial estimates using

a method described below using only optical flow. We then overwrite the entries

to encode our belief that translation should be independent. Finally, we further

tuned the values through by taking one search step for MOVi-A and MOVi-C each.

In our experiments, we found that increasing diagonal elements (variances) and



decreasing off-diagonal elements produced slightly better results.

Initial covariance estimation. We form initial estimate for the dataset-specific

covariance matrices used in ablation only to start hyperparameter search in a

sensible range. This method relies on observation that to form an estimate (1)

all objects from a frame are not required – only some are sufficient. Furthermore,

for the selected object candidates, (2) precise boundaries are not necessary. The

method is as follows:

1. We extract discontinuities from the flow using Sobel filtering and treat these

as flow edges.

2. We then only consider regions where the optical flow is larger than zero,

identifying foreground.

3. We subtract edge pixels from the candidate foreground mask. This attempts

to disconnect any overlapping objects using discontinuity in optical flow.

4. We run connected components algorithm to identify candidate object regions.

5. Within each region, using the motion model (Eq. (2)) we estimate θ̂ by

forming least-squares solution. We only considered estimates from regions

larger than 100 pixels (for numerical stability) and where the residual error

was within the 90% percentile.

6. Initial covariance estimate Σ̂ is formed by calculating sample covariance

over the combined set of inliers and extra n no-motion values to account for

stationary regions.

We apply this method on a subset of the data. n is the size of the subset.

We find using the specialized settings above give slight improvement on most

metrics (table D.1b), indicating that using more appropriate prior for the data

further improves results.

D.5 Additional results

Expanded results on Clevr and ClevrTex. In table D.2 we show expanded

version of the results on Clevr and ClevrTex benchmarks.



Table D.2: Expanded benchmark results on CLEVR, ClevrTex, CAMO, and
OOD comparing FG-ARI and mIoU metrics. Results are a mean of 3 seed (±σ).
Methods above the line are trained on single images, while methods below train on
videos.† – indicates post-processing.

CLEVR ClevrTex OOD CAMO
Model FG-ARI↑ mIoU↑ FG-ARI↑ mIoU↑ FG-ARI↑ mIoU↑ FG-ARI↑ mIoU↑
SPAIR [Crawford and Pineau 2019] 77.13± 1.92 65.95± 4.02 0.00± 0.00 0.00±0.00 0.00± 0.00 0.00±0.00 0.00± 0.00 0.00±0.00
SPAIR† 77.05± 1.96 66.87± 9.65 0.00± 0.00 0.00±0.00 0.00± 0.00 0.00±0.00 0.00± 0.00 0.00±0.00
SPACE [Z. Lin et al. 2020b] 22.75±14.04 26.31±12.93 17.53± 4.13 9.14±3.46 12.71± 3.44 6.87±3.32 10.55± 2.09 8.67±3.50
SPACE† 22.74±14.03 27.00±13.69 17.52± 4.12 9.68±4.10 12.71± 3.44 7.20±3.75 10.54± 2.08 9.25±3.95
GenV2 [Engelcke et al. 2021] 57.90±20.38 9.48± 0.55 31.19±12.41 7.93±1.53 29.04±11.23 8.74±1.64 29.60±12.84 7.49±1.67
GenV2† 57.78±21.12 10.76± 1.39 30.55±14.27 9.04±0.63 28.41±13.20 9.96±0.70 29.19±14.55 8.40±1.00
MN [Smirnov et al. 2021] 72.12± 0.64 56.81± 0.40 38.31± 0.70 10.46±0.10 37.29± 1.04 12.13±0.19 31.52± 0.87 8.79±0.15
MN† 72.08± 0.62 57.61± 0.40 38.34± 0.73 10.34±0.12 37.28± 1.07 11.97±0.21 31.54± 0.87 8.77±0.18
MONet [C. P. Burgess et al. 2019] 54.47±11.41 30.66±14.87 36.66± 0.87 19.78±1.02 32.97± 1.00 19.30±0.37 12.44± 0.73 10.52±0.38
MONet† 61.36± 7.33 45.61± 4.80 35.64± 1.17 23.59±0.29 31.51± 1.46 23.04±0.52 9.94± 0.50 11.31±0.30
SA [Locatello et al. 2020] 95.89± 2.37 36.61±24.83 62.40± 2.23 22.58±2.07 58.45± 1.87 20.98±1.59 57.54± 1.01 19.83±1.41
SA† 94.88± 1.67 37.68±26.56 61.60± 2.29 21.96±1.79 57.41± 1.92 20.60±1.45 56.85± 1.12 19.42±1.42
IODINE [Greff et al. 2019] 93.81± 0.76 45.14±17.85 59.52± 2.20 29.17±0.75 53.20± 2.55 26.28±0.85 36.31± 2.57 17.52±0.75
IODINE† 93.68± 0.83 44.20±18.67 60.63± 2.50 29.40±1.10 54.92± 2.24 27.96±0.81 38.29± 1.40 18.87±0.52
eMORL [Emami et al. 2021] 93.25± 3.24 50.19±22.56 55.62± 2.12 30.17±2.60 49.21± 2.69 25.03±1.99 37.66± 8.41 19.13±4.88
eMORL† 93.09± 2.68 49.28±24.28 58.59± 1.96 31.64±2.22 51.97± 2.44 26.91±1.69 43.83± 7.34 22.40±4.35
DTI-S [Monnier et al. 2021] 89.54± 1.44 48.74± 2.17 79.90± 1.37 33.79±1.30 73.67± 0.98 32.55±1.08 72.90± 1.89 27.54±1.55
DTI-S† 89.86± 1.78 53.38± 3.51 79.86± 1.36 32.20±1.49 73.60± 0.97 30.74±1.22 72.89± 1.88 26.30±1.57
GNM [Jiang and Ahn 2020] 65.05± 4.19 59.92± 3.72 53.37± 0.67 42.25±0.18 48.43± 0.86 40.84±0.30 15.73± 0.89 17.56±0.74
GNM† 65.67± 4.23 63.38± 3.76 53.38± 0.67 44.30±0.19 48.44± 0.86 42.87±0.28 15.72± 0.89 18.53±0.75

SAVi [Kipf et al. 2022] — — 49.54 31.88 42.68 30.31 42.67 29.60
Ours 91.69± 0.30 66.70± 0.32 90.80± 0.22 55.07±0.44 76.01± 0.56 46.84±0.20 72.78± 1.31 42.30±1.09
Ours † 95.94± 0.43 84.86± 4.06 92.61± 0.22 77.67±0.25 78.24± 0.43 55.54±0.44 77.43± 0.86 56.43±0.80

Qualitative results on MOVi-A and MOVi-C. In fig. D.1 and D.2 we show

additional qualitative results on MOVi-A and MOVi-C respectively. Following the

results in main paper, the segments discovered by our method are semantically

meaningful. Our object boundaries are of higher quality than the comparable

methods. GWM suffers from oversegmentation of the objects. SCALOR has

dificulty with complex datasets, such as MOVi-C as observed in fig. D.2. SAVI’s

object boundaries do not conform to object shape. We also provide additional

failure cases of our model in fig. D.3. Our model has difficulty with objects that

have complex motion for our affine formulation to model ably.
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Frame                                                                                                                           Flow GWMGT SCALOR SAVi Ours Ours†
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Figure D.1: Additional qualitative comparison on MOVi-A. Our method performs
consistently well compared to other methods. †– indicates post-processing.
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Figure D.2: Additional qualitative comparison on MOVi-C. †– indicates post-
processing.
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Figure D.3: Additional examples of failure cases on MOVi-A and MOVi-C. †–
indicates post-processing.



APPENDIX E. LEARNING SEGMENTATION FROM POINT TRAJECTORIES
SUPPLEMENTARY MATERIAL

Appendix E

Learning segmentation from point

trajectories

Supplementary Material

In this supplementary material, we consider additional ablations of our approach

(appendix E.2), include further results (appendix E.3), and provide the implemen-

tation details (appendix E.5). Accompanying this supplementary material, we

include videos of our results on DAVIS and SegTrackv2 datasets. We also include

an example video visualising a sample of trajectories that the model receives as

input. The code and models will be released upon acceptance.

E.1 Broader impact

Segmentation is a component in a very large and diverse spectrum of applications

in healthcare, image processing, computer graphics, surveillance and more. As

with many technologies, the application can be good or bad. In this paper, we

explore how to train a model to perform segmentation in an unsupervised manner.

This has the positive benefit of removing manual labour requirements to obtain

annotations, which might also eventually apply to bad actors. We, however, consider

the immediate real-world impact beyond the research community of our work here

limited as unsupervised systems still show lower performance than supervised

counterparts.
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Table E.1: Influence of r, the rank of
the trajectory matrix used in loss func-
tion (5.4).

r DAVIS (J ↑)

3 76.0
4 79.6
5 82.2
6 80.9

Table E.2: Influence of k, the number
of predicted components before merging.

k DAVIS J ↑

2 78.0
3 82.0
4 82.2
5 72.8

Table E.3: Influence of context
length of the trajectory matrix.

Context length DAVIS (J ↑)

10 79.1
15 81.0
20 82.2
30 80.8

Table E.4: Influence of trackers used
to estimate point trajectories.

Tracker DAVIS (J ↑)

TAPIR [Doersch et al. 2023] 73.4
PIPs++ [Zheng et al. 2023] 74.9

BootsTap [Doersch et al. 2024] 76.8
CoTracker [Karaev et al. 2024] 78.9

E.2 Additional ablations

Rank r of trajectory matrix. In table E.1, we vary r, the rank of the trajectory

matrix used in the trajectory loss (eq. (5.4)). As previously mentioned, the choice

of rank reflects the degrees of freedom in the system and controls implicitly the

assumptions about the types of motion and cameras used to capture sequences.

At r = 3 and 4, we observe slight impact on the performance in comparison to

r = 5. r = 5 appears to be the optimal setting, which is what we used in our main

experiments. At r = 6, the performance drops again, likely as it becomes sufficient

to group and explain simple motions together.

Number of segments k. In table E.2, we vary k, the number of masks predicted

by our method, before merging. As in prior work [Choudhury et al. 2022], the

k = 4 appears to be the optimal setting. The performance drops beyond this point

as it becomes difficult to group objects.

Influence of context window length T . In table E.3, we vary the length of

the context windows (f) and thus T for our method when considering trajectories.

We find increasing the context window helps slightly. However, the performance

starts to drop afterwards. We hypothesise that this is due to difficulty predicting

sensible point trajectories for points that move outside of the frame and become

invisible, as DAVIS contains many videos where the camera tracks the main subject.

Though several values of this setting are viable.



Source of tracks. In table E.4, we experiment with different trackers to obtain

tracks. We consider TAPIR1, PIP++2 and BootsTap3 along CoTracker. Due to

the limitation of some options (PIPs++ not predicting visibility) and inherent

noise in invisible tracks for TAPIR, we lowered the context window to 15. We also

do not consider tracks from adjacent frames as this seems to lower performance

for other trackers. Finally we did not use EMA in these experiments. We observe

that CoTracker performs the best while other trackers show slightly weaker results.

We hypothesise this is due to CoTracker estimating reasonable trajectories for

occluded points, which are included in the matrix Pk. Some trackers, e.g. TAPIR,

are restricted to predicting points within the frame, thus providing extremely noisy

estimates in scenes where objects move outside the frame.

Alternative networks. As our proposed loss function is network-architecture

agnostic as it only requires mask prediction. Thus, any network which predicts

masks or has mask-like representation could be used. In table E.5, we experiment

with changing the segmenter architecture in the DAVIS benchmark. This shows

that we can swap different network architectures with relative ease and obtain

similar results.

Inference speed. Here we provide the inference time comparison using different

networks as average FPS during DAVIS evaluation. For MaskFormer + DINO

configuration, we measure 3.3 FPS, while with UNet we measure 6.4 FPS. Note

that since our contribution is a loss function, it is network architecture agnostic.

Using it does not affect inference time; only the choice of network architecture does.

We matched the architecture with prior work for the best comparisons.

Comparison with appearance-only works. Finally, we include a comparison

to unsupervised methods that consider only appearance during learning. In ta-

ble E.6, we provide a comparison of VideoCutLER [Xudong Wang et al. 2023b] and

VideoSAUR [Zadaianchuk et al. 2024] on DAVIS using the same merging strategy

for combining multiple predictions to a binary segmentation as in our method.
1Code and models available https://github.com/google-deepmind/tapnet under Apache-

2.0 license.
2Code and models available https://github.com/aharley/pips2 under MIT license.
3Code and models available https://github.com/google-deepmind/tapnet under Apache-

2.0 license.

https://github.com/google-deepmind/tapnet
https://github.com/aharley/pips2
https://github.com/google-deepmind/tapnet


Table E.5: Alternative network ar-
chitectures for segmentation.

Network DAVIS (J ↑)

UNet 80.6
MaskFormer + Swin-Tiny 81.2

MaskFormer + DINO 82.2

Table E.6: Comparison with
appearance-only methods.

Method DAVIS (J ↑)

VideoCutLER [Xudong Wang et al. 2023b] 67.2
VideoSAUR [Zadaianchuk et al. 2024] 17.5

LRTL (Ours) 82.2

Our method shows a significant advantage. We observe that VideoCutLER has

trouble segmenting instances from crowds in the background. VideoSAUR has

imprecise object boundaries which severely impacts performance when measurred

using Jaccard score.

E.3 Additional results

E.3.1 Qualitative results on SegTrackv2

In fig. E.1, we provide additional qualitative results from our approach on the

SegTrackv2 dataset. We compare with the state-of-the-art multi-stage Relaxed

Common Fate (RCF) approach [Lian et al. 2023]. Our method correctly identifies

more parts of the objects and has better boundaries.



Figure E.1: Qualitative comparison of our results on SegTrackv2 with RCF which
uses higher resolution and multi-stage training. Our method contains slightly better
boundaries and segments more whole objects.

E.4 Parametric mask alterations

In this section, we show the effect of the parametric ground truth mask alterations

used to study the trajectory loss in section 4.1. The purpose of these alterations is

to disturb ground truth masks in a controlled way to enable studying the effect this

has on the loss. For this purpose, we use synthetic data from MOVi-F sequences of

the Kubric [Greff et al. 2022] dataset suite, which is the same data that is used to

train CoTracker [Karaev et al. 2024], TAPIR [Doersch et al. 2023], PIP [Harley

et al. 2022] and similar. We consider three types of alterations:

• The first kind of alteration is random noise. With probability η, we set each

mask pixel to a random class sampled from U(0, K), where K = 20 in this

case. When η = 0, thus, there is no alteration. When η = 0.5, around half of

the mask pixels (in expectation) are assigned randomly. fig. E.2 shows the

effect of η in practice.

• The second kind of alteration we consider is a structural change meant to

approximate over/under-segmentation. For under-segmentation, we change

the mask regions corresponding to the whole object to the background. fig. E.3

shows this in effect. For over-segmentation, we split an existing component

randomly along an axis passing through the object centre and parallel to either

the x- or y-axis at random. fig. E.4 shows this in effect. We parameterise



η = 0.0 η = 0.25 η = 0.5 η = 0.75 η = 1.0

Figure E.2: Example noise mask alteration. The parameter η is the probability of
assigning a mask pixel at random.

s = −4 s = −3 s = −2 s = −15 s = 0

Figure E.3: Example mask structural mask alteration showing modification used to
approximate under-segmentation. The parameter s controls the number of objects
set to the background.

s = 0 s = 1 s = 2 s = 3 s = 4

Figure E.4: Example structural mask alteration modelling over-segmentation. The
parameter s controls the number if objects split into two at random.

this alteration with integers s, where a positive number controls the number

of components split, and negative numbers correspond to the number of

components set to the background.

• The third kind of alteration is temperature. Its purpose is to model how the

entropy of the categorical distribution modelled by the segmentation network

might affect the loss. For this, we increase the temperature τ in softmax

operation softmax(l/τ) for logits l calculated from the input mask, which

results in increasingly “soft” masks.

The three types of alteration are composed to generate a synthetic prediction mask

that can be used to investigate how the trajectory loss behaves as the mask changes.



We use 25 trials to estimate the value of the loss for a given configuration of the

parameters s, η, τ .

E.5 Implementation details

Here, we further specify the configuration and implementation details used in our

experiments.

E.5.1 Extracting flow

We use RAFT [Teed and J. Deng 2020]4 to extract optical flow pretrained on

FlyingThings3D [Mayer et al. 2016]. We follow the methods used to extract flow

in previous work [Choudhury et al. 2022; Charig Yang et al. 2021]. Namely, we

consider pairs of frames with a distance in time of either 1 or 2, both in forward and

backward directions for DAVIS and SegTrackv2. For FBMS, we consider distances

of 3 and 6 due to lower motion setting in the dataset. The optical flow is extracted

before training.

E.5.2 Extracting trajectories

We use CoTracker [Karaev et al. 2024] to extract point trajectories. CoTracker is

trained on MOVi-F Kubric [Greff et al. 2022] datasets. We use CoTracker v25. We

query at every 4th-pixel coordinate for each frame to extract point trajectories. At

480× 854 resolution for DAVIS, this results in 25k points for each frame. When

tracking, we find it beneficial to inject auxiliary query points. For this, we define

two additional query grids with a stride of 32, querying a frame seven frames in

the future and the past (or less if at the video boundaries). This generates around

2k additional points, which we do not use for training. When processing videos of

heterogeneous resolutions, we resize the input to 480× 854 to maintain the same

number of points.
4Code and models available https://github.com/princeton-vl/RAFT/tree/master under

BSD-3 license.
5Code and models available https://github.com/facebookresearch/co-tracker under

non-comercial license.

https://github.com/princeton-vl/RAFT/tree/master
https://github.com/facebookresearch/co-tracker


E.5.3 Training hyperparameters

For the segmentation network, we use the same model architecture as in [Choudhury

et al. 2022] – MaskFormer with DINO backbone. We feed images at 192 × 352

resolution. We also use random horizontal flipping augmentation. The network is

trained to predict k = 4 components, which, in the case of binary segmentation, are

then merged into two following [Choudhury et al. 2022]. We train using AdamW

optimiser, with a learning rate of 1.5e-4, weight decay of 0.01, a batch size of

8, and a linear learning warmup schedule for 1500 iterations. We train for 5000

iterations.6 We use an Exponential Moving Average (EMA) with the decay power

of 2/3 with a warmup of 1500 iterations and update every 10 steps to help stabilise

the training. On SegTrackv2 we instead used decay power 4/5 as the dataset is

considerably smaller than others. We set λf = 0.03, λt = 5 ∗ 10−5, and λτ = 0.1

in all experiments, which yields loss values in a similar numerical range. For the

temporal smoothing loss, we use ∆t = 5.

E.5.4 MOVi-F experiments

When conducting experiments on the MOVi-F dataset (Sec. 4.2), we consider

ground-truth trajectories obtained from modified rendering script [Greff et al. 2022].

We normalise the trajectories to the [0, 1] range based on image width and height.

For K-Means, we consider the trajectories with the initial position at T = 0

subtracted, thus clustering offsets from the initial position.

For SSC [Elhamifar and Vidal 2013], we translate the method to Python following

the original implementation in Matlab7. We use the ADMM variant, which we found

to give better results. We set the α = 100 and kept the rest of the hyperparameters

unchanged. To transform the coefficient matrix into a graph adjacency, we found

that simple symmetrisation yielded slightly better results than the proposed method

that additionally normalised and filtered values. We report results for this method

using the optimal number of clusters for spectral clustering.

For LRR [C.-Y. Lu et al. 2012], we similarly translate the method to Python
6We estimate about 3 hours to train a model using A6000 GPU (peak GPU memory 25GB).

We estimate around 100 GPU hours to train models for the results here.
7Code available at http://www.vision.jhu.edu/code/

http://www.vision.jhu.edu/code/


following the original implementation in Matlab8. We use λ = 0.2. Additionally,

we found it beneficial to reduce ρ = 1.01 and use a larger number of iterations

(10k) than proposed. Similarly to SSC, we experimented with different ways to

transform the coefficient matrix to adjacency, including automatically determining

the number of clusters based on the block-diagonal structure. We found, however,

that using simpler symmetrisation with optimal numbers of clusters determined by

an oracle gave the best results.

When considering our trajectory loss, we parameterise the masks with a small ran-

domly initialised Unet [Ronneberger et al. 2015] predicting a 25-way segmentation,

which we optimize using AdamW optimizer.

Note that K-Means, SSC and LRR baselines cluster trajectories rather than seg-

menting the image. To map back to the image domain and obtain segmentation

masks, we repeatedly apply the method for each frame within a sequence, consid-

ering the trajectory for each pixel. This enables the most direct way to establish

segmentation of the images through significant additional computation effort. An

alternative could be to consider sequence wide-trajectories jointly; however, ap-

proaches like SSC and LLR do not scale well to such a large number of trajectories.

For our trajectory loss, optimisation can be performed per sequence and, as we

show in our real-world experiments, dataset-wide.

8Code available at https://sites.google.com/site/guangcanliu/

https://sites.google.com/site/guangcanliu/


APPENDIX F. DIFFUSION MODELS FOR OPEN-VOCABULARY SEGMENTATION
SUPPLEMENTARY MATERIAL

Appendix F

Diffusion Models for

Open-Vocabulary Segmentation

Supplementary Material

In this supplementary material, we provide additional experimental results, in-

cluding further ablations and qualitative comparisons (appendix F.1), consider the

limitations and broader impacts of our work (appendix F.2), and conclude with

additional details concerning the implementation (appendix F.3).

F.1 Additional experiments

This section provides additional experimental results of OVDiff.

F.1.1 Additional Comparisons

Category filter. To ensure that the category pre-filtering does not give our

approach an unfair advantage, we augment two methods (TCL [Cha et al. 2023]

and OVSegmentor [Jilan Xu et al. 2023], which are the closest baselines with code

and checkpoints available) with our category pre-filtering. We evaluate on the

Pascal VOC dataset (where the category filter shows a significant impact; see Table

3) and report the results in table F.2. We observe that TCL improves by 0.6,

while the performance of OVSegmentor drops by 0.1. On the contrary, our method

benefits substantially from this component, but it still shows stronger performance
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without the filter than baselines with.

Influence of Γ segmentation method. We also further investigate the use

of CutLER [Xudong Wang et al. 2023a] to obtain segmentation masks. We also

provide example results of segmentation in fig. F.4. In table F.3, we devise a baseline

where CutLER-predicted masks are used to average the CLIP image encoder’s

final spatial tokens after projection. Averaged tokens are compared with CLIP text

embeddings to assign a class. While relying on pre-trained components (like ours),

this avoids support set generation. In the same table, we also consider whether

the objectness prior provided by CutLER could be beneficial to other methods as

well. We consider a version of TCL [Cha et al. 2023] and OVSegmentor [Jilan Xu

et al. 2023] which we augment with CutLER. That is, after methods assign class

probabilities to each pixel/patch, a majority voting for a class is performed in every

region predicted by CutLER. This combines CutLER’s understanding of objects

and their boundaries, aspects where prior methods struggle, with open-vocabulary

segmentation. However, we observe that this negatively impacts the performance

of these methods, which we attribute to only a limited performance of CutLER in

complex scenes present in the datasets. Finally, we also include a version of OVDiff

that does not rely on CutLER for mask extractions, instead using thresholded

masks. We observe that such a version of our method also has strong performance.

We additionally experiment with stronger segmenters to understand the influence of

FG/BG mask quality. We replace our FG/BG segmentation approach with strong

supervised models: with SAM, we achieve 67.1 on VOC, and with Grounded SAM,

68.5. This slightly improves results from 66.3 of our configuration with CutLER,

but the performance gain is not large and thus not critical.

Table F.1: Influence
of different text-to-
image generators.

T2I VOC

SD 1.5 66.4

SD 2.0 67.7

SD 2.1 67.1

Hyper-SD 67.7

Influence of image generator. We experiment with

different SD versions in table F.1 and observe improvement

with more advanced generators.

Class prompts. We additionally consider whether correc-

tions introduced to class prompts might have similarly pro-

vided additional benefits to our approach (see appendix F.3.3

for details). To that end, we also evaluate TCL and OVSeg-



Table F.2: Use of category filter component. OVDiff without category filter
outperforms prior work with cat. filter.

Model Category filter
✗ ✓

OVSegmentor 53.8 53.7
TCL 51.2 51.8
TCL (+PAMR) 55.0 56.0
OVDiff 56.2 66.4

Table F.3: Application of CutLER. Prior work does not benefit from using CutLER
during inference, while OVDiff shows strong results without it.

Model CutLER VOC Context Object

CLIP ✓ 33.0 11.6 11.1
OVSegmentor 53.8 20.4 25.1
OVSegmentor ✓ 38.7 14.4 16.8
TCL 51.2 24.3 30.4
TCL ✓ 43.1 20.5 22.7
OVDiff 62.8 28.6 34.9
OVDiff ✓ 66.3 ± 0.2 29.7 ± 0.3 34.6 ± 0.3

menter (methods that do not rely on additional prompt curation) with our corrected

prompts and consider a version of our method without such corrections in table F.4.

We observe only marginal to no impact on the performance.

Prompt template Finally, we consider the prompt template employed when

sampling support image set: “A good picture of a ⟨ci⟩” for class prompt ci.

This template is generic and broadly applicable to virtually any natural language

specification of a target class. While prior work adopts prompt expansion by

considering a list of synonyms and subcategories, it is not entirely clear how such a

strategy could be systematically performed for any in-the-wild prompts, such as a

“chocolate glazed donut”. We experiment with a list of synonyms and subclasses,

as employed by [Ranasinghe et al. 2023], on VOC datasets measuring 66.4 mIoU,

which is similar to our single prompt performance 66.3± 0.2. Curating such lists

automatically is an interesting future scaling direction.

F.1.2 Additional ablations

Prototype combinations. In table F.7, we consider the three different types

of prototypes described in Section 3 and test their performance individually and

in various combinations. We find that the “part” prototypes obtained by K-



Table F.4: Using corrected prompts. We consider if corrected class names benefit
prior work. We observe negligible to no effect.

Model Correction VOC Context Object

OVSegmentor 53.8 20.4 25.1
OVSegmentor ✓ 53.9 20.4 25.1
TCL 51.2 24.3 30.4
TCL ✓ 50.6 24.3 30.4
OVDiff 66.1 29.5 34.9
OVDiff ✓ 66.3 ± 0.2 29.7 ± 0.3 34.6 ± 0.3

Table F.5: Choice of K for number of centroids.

K VOC Context

8 63.8 29.2
16 64.0 29.3
32 64.4 29.4
64 64.3 28.0

Table F.6: Ablation of different SD feature configurations. Removing first and last
cross attention layers, mid, 1st and 2nd upsampling blocks (all layers in the block)
has a negative effect.

1st Mid Up-1 Up-2 Last
layer block block block layer Context

✓ ✓ ✓ ✓ ✓ 29.4
✓ ✓ ✓ ✓ 29.4

✓ ✓ ✓ ✓ 29.2
✓ ✓ ✓ ✓ 27.3
✓ ✓ ✓ ✓ 28.9
✓ ✓ ✓ ✓ 29.3

means clustering show strong performance when considered individually on VOC.

Instance prototypes show strong individual performance on Context, as well as in

combination with the average category prototype. The combination of all three

types shows the strongest results across the two datasets, which is what we adopt

in our main set of experiments.

We also consider the treatment of prototypes under the stuff filter. We investigate

the impact of not excluding background prototypes for “stuff" classes. In this

setting, we measure 29.1 on Context, which is a slight reduction in performance.

We also investigate the benefit of categorisation into “things” and “stuff” used in

the stuff filter component. Instead, we filter all background prototypes using all

foreground prototypes. In this configuration, we measure 27.6 on Context. Both

configurations show a reduction from 29.4, measuring using the stuff filter with



Table F.7: Ablation of various configurations for prototypes. We consider average
P̄ , instance Pn, and part Pk prototypes individually and in various combinations
on VOC and Context datasets. Combination of all three types of prototypes shows
strongest results.

P̄ Pn Pk VOC Context

✓ ✓ ✓ 64.4 29.4
✓ ✓ 61.7 29.3
✓ ✓ 63.5 29.4

✓ ✓ 62.5 28.4
✓ 63.7 28.8

✓ 60.0 29.0
✓ 62.5 28.4

Figure F.1: Qualitative comparison on in-the-wild images. OVDiff performs
significantly better than prior state-of-the-art, TCL, on wildlife images containing
multiple instances, studio photos with simple backgrounds, images containing
multiple categories and an image containing a rare instance of a class.

categorisation in “stuff” and “things”, as used in our main experiments. Finally,

we experiment by removing part-level prototypes for “stuff” classes, which also

results in a performance drop to 28.0.

K - number of clusters. In table F.5, we investigate the sensitivity of the

method to the choice of K for the number of “part” prototypes extracted using

K-means clustering. Although our setting K = 32 obtains slightly better results

on Context and VOC, other values result in comparable segmentation performance

suggesting that OVDiff is not sensitive to the choice of K and a range of values is

viable.



SD features. When using Stable Diffusion as a feature extractor, we consider

various combinations of layers/blocks in the UNet architecture. We follow the

nomenclature used in the Stable Diffusion implementation where consecutive layers

of Unet are organised into blocks. There are 3 down-sampling blocks with 2 cross-

attention layers each, a mid-block with a single cross-attention, and 3 up-sampling

blocks with 3 cross-attention layers each. We report our findings in table F.6.

Including the first and last cross-attention layers in the feature extraction process

has a small positive impact on segmentation performance, which we attribute to the

high feature resolution. We also consider excluding features from the middle block

of the network due to small 8× 8 resolution but observe a small negative impact

on performance on the Context dataset. We also investigate whether including

the first (Up-1) and the second upsampling (Up-2) blocks are necessary. Without

them, the performance drops the most out of the configurations considered. Thus,

we use a concatenation of features from the middle, first and second upsampling

blocks and the first and last layers in our main experiments.

F.1.3 Qualitative results

We include additional qualitative results from the benchmark datasets in fig. F.2.

Our method achieves high-quality segmentation across all examples without any

post-processing or refinement steps. In fig. F.3, we show examples of support

images sampled for some things, and stuff categories. In fig. F.5, we show examples

of support set images sampled for rare pikachu class.



Figure F.2: Additional qualitative results. Images from Pascal VOC (top), Pascal
Context (middle), and COCO Object (bottom).



(a) boat (b) person

(c) sky (d) water

(e) light (f) parking meter

(g) mountain (h) horse

Figure F.3: Images sampled for a support set of some categories.



F.2 Broader impact

Semantic segmentation is a component in a vast and diverse spectrum of applications

in healthcare, image processing, computer graphics, surveillance and more. As for

any foundational technology, applications can be good or bad. OVDiff is similarly

widely applicable. It also makes it easier to use semantic segmentation in new

applications by leveraging existing and new pre-trained models. This is a bonus

for inclusivity, affordability, and, potentially, environmental impact (as it requires

no additional training, which is usually computationally intensive); however, these

features also mean that it is easier for bad actors to use the technology.

Because OVDiff does not require further training, it is more versatile but also

inherits the weaknesses of the components it is built on. For example, it might

contain the biases (e.g., gender bias) of its components, in particular Stable

Diffusion [Schramowski et al. 2023], which is used for generating support images

for any given category/description. Thus, it should not be exposed without further

filtering and detection of, e.g., NSFW material in the sampled support set. Finally,

OVDiff is also bound by the licenses of its components.

F.2.1 Limitations

As OVDiff relies on pretrained components, it inherits some of their limitations.

OVDiff works with the limited resolution of feature extractors, due to which

it might occasionally miss tiny objects. Furthermore, OVDiff cannot segment

what the generator cannot generate. For example, current diffusion models strug-

gle with producing legible text, which can make it difficult to segment specific

words. Furthermore, applications in domains far from the generator’s training data

(e.g. medical imaging) are unlikely to work out of the box.

F.3 OVDiff: Further details

In this section, we provide additional details concerning the implementation of

OVDiff. We begin with a brief overview of the attention mechanism and diffusion

models central to extracting features and sampling images. We review different

feature extractors used. We specify the hyperparameter setting for all our experi-

ments and provide an overview of the exchange with ChatGPT used to categorise



classes into “thing” and “stuff”.

F.3.1 Preliminaries

Attention. In this work, we make use of pre-trained ViT [Alexey Dosovitskiy et al.

2021] networks as feature extractors, which repeatedly apply multi-headed attention

layers. In an attention layer, input sequences X ∈ Rlx×d and Y ∈ Rly×d are linearly

project to forms keys, queries, and values: K = WkY, Q = WqX, V = WvX.

In self-attention, X = Y . Attention is calculated as A = softmax( 1√
d
QK⊤), and

softmax is applied along the sequence dimension ly. The layer outputs an update

Z = X + A · V . ViTs use multiple heads, replicating the above process in parallel

with different projection matrices Wk, Wq, Wv. In this work, we consider queries and

keys of attention layers as points where useful features that form meaningful inner

products can be extracted. As we detail later (Appendix F.3.2), we use the keys

from attention layers of ViT feature extractors (DINO/MAE/CLIP), concatenating

multiple heads if present.

Text-to-image diffusion models. Diffusion models are a class of generative

models that form samples starting with noise and gradually denoising it. We focus

on latent diffusion models [Rombach et al. 2022] which operate in the latent space

of an image VAE [Kingma and Welling 2014] forming powerful conditional image

generators. During training, an image is encoded into VAE latent space, forming a

latent vector z0. A noise is injected forming a sample zτ ∼ N (zτ ;
√

1− ατ z0, ατ I)

for timestep τ ∈ {1 . . . T}, where ατ are variance values that define a noise schedule

such that the resulting zT is approximately unit normal. A conditional UNet [Ron-

neberger et al. 2015], ϵθ(zt, t, c), is trained to predict the injected noise, minimising

the mean squared error Et (αt∥ϵθ(zt, t, c)− z0∥2) for some caption c and additional

constants at. The network forms new samples by reversing the noise-injecting chain.

Starting from ẑT ∼ N (ẑT ; 0, I), one iterates ẑt−1 = 1√
1−αt

(ẑt + αtϵθ(ẑt, t, c)) +√αtẑt

until ẑ0 is formed and decoded into image space using the VAE decoder. The

conditional UNet uses cross-attention layers between image patches and language

(CLIP) embeddings to condition on text c and achieve text-to-image generation.



F.3.2 Feature extractors

OVDiff is buildable on top of any pre-trained feature extractor. In our exper-

iments, we have considered several networks as feature extractors with various

self-supervised training regimes:

• DINO [Caron et al. 2021] is a self-supervised method that trains networks

by exploring alignment between multiple views using an exponential moving

average teacher network. We use the ViT-B/8 model pre-trained on ImageNet1

and extract features from the keys of the last attention layer.

• MAE [K. He et al. 2017] is a self-supervised method that uses masked image

inpainting as a learning objective, where a portion of image patches are

dropped, and the network seeks to reconstruct the full input. We use the

ViT-L/16 model pre-trained on ImageNet at a resolution of 448 [R. Hu et al.

2022].2 The keys of the last layer of the encoder network are used. No

masking is performed.

• CLIP [Radford et al. 2021] is trained using image-text pairs on an internal

dataset WIT-400M. We use ViT-B/16 model3. We consider two locations to

obtain dense features: keys from a self-attention layer of the image encoder

and tokens which are the outputs of transformer layers. We find that keys of

the second-to-last layer give better performance.

• We also consider Stable Diffusion4 (v1.5) itself as a feature extractor. To

that end, we use the queries from the cross-attention layers in the UNet

denoiser, which correspond to the image modality. Its UNet is organised into

three downsampling blocks, a middle block, and three upsampling blocks. We

observe that the middle layers have the most semantic content, so we consider

the middle block, 1st and 2nd upsampling blocks and aggregate features from

all three cross-attention layers in each block. As the features are quite low in

resolution, we include the first downsampling cross-attention layer and the

last upsampling cross-attention layer as well. The feature maps are bilinearly

upsampled to resolution 64× 64 and concatenated. A noise appropriate for
1Model and code available at https://github.com/facebookresearch/dino.
2Model and code from https://github.com/facebookresearch/long_seq_mae.
3Model and code from https://github.com/openai/CLIP.
4We use implementation from https://github.com/huggingface/diffusers.

https://github.com/facebookresearch/dino
https://github.com/facebookresearch/long_seq_mae
https://github.com/openai/CLIP
https://github.com/huggingface/diffusers


Figure F.4: FG/BG segmentation of
classes of water, snow and grass. The
foreground is in red, while the back-
ground is shown in blue.

Figure F.5: Example images from the
support set of a rare pikachu class.

τ = 200 timesteps is added to the input. For feature extraction, we run SD

in unconditional mode, supplying an empty string for text caption.

F.3.3 Datasets

We evaluate on validation splits of PASCAL VOC (VOC), Pascal Context (Context)

and COCO-Object (Object) datasets. PASCAL VOC [Mark Everingham et al.

2010; M. Everingham et al. 2012] has 21 classes: 20 foreground plus a background

class. For Pascal Context [Mottaghi et al. 2014], we use the common variant with

59 foreground classes and 1 background class. It contains both “things” and “stuff”

classes. The COCO-Object is a variant of COCO-Stuff [Caesar et al. 2018] with

80 “thing” classes and one class for the background. Textual class names are

used as natural language specifications of names. We renamed or specified certain

class names to fix errors (e.g. pottedplant → potted plant), resolve ambiguity

better (e.g. mouse → computer mouse) or change to more common spelling/word

(e.g. aeroplane → airplane), resulting in 14 fixes. We experiment and measure

the impact of this in appendix F.1.1 for our and prior work.

F.3.4 Comparative baselines

We briefly review the prior work in used in our experiments, mainly in Table 1.

We consider baselines that do not rely on mask annotations and have code and

checkpoints available or detail their evaluation protocol that matches that used in

other prior works [Jiarui Xu et al. 2022; Cha et al. 2023; Jilan Xu et al. 2023].Most

prior work [Q. Liu et al. 2022; Cha et al. 2023; Jiarui Xu et al. 2022; Ren et al.

2023; H. Luo et al. 2023; Jilan Xu et al. 2023] trains image and text encoders on



large image-text datasets with a contrastive loss. The methods mainly differ in

their architecture and use of grouping mechanisms to ground image-level text on

regions. ViL-Seg [Q. Liu et al. 2022] uses online clustering, GroupViT [Jiarui Xu

et al. 2022] and ViewCo [Ren et al. 2023] employ group tokens. OVSegmentor [Jilan

Xu et al. 2023] uses slot-attention and SegCLIP [H. Luo et al. 2023] a grouping

mechanism with learnable centers. CLIPPy [Ranasinghe et al. 2023], TCL [Cha

et al. 2023], and MaskCLIP [C. Zhou et al. 2022] predict classes for each image

patch: [Ranasinghe et al. 2023] use max-pooling aggregation, [Cha et al. 2023]

self-masking, and [C. Zhou et al. 2022] modify CLIP for dense predictions. To

assign a background label [Q. Liu et al. 2022; Cha et al. 2023; Jiarui Xu et al.

2022; Ren et al. 2023; H. Luo et al. 2023] use thresholding while [Ranasinghe

et al. 2023] uses dataset-specific prompts. CLIP-DIY [Wysoczańska et al. 2024]

leverages CLIP as a zero-shot classifier and applies it on multiple scales to form a

dense segmentation. ReCO [Shin et al. 2022b] is closer in spirit to our approach as

it uses a support set for each prompt; this set, however, is CLIP-retrieved from

curated image collections, which may not be applicable for any category in-the-wild.

The conceptual difference between OVDiff and ReCO is that OVDiff emphasises

and preserves diverse prototypes by construction: generation overcomes a limited

database; sampled images are segmented individually preserving unique visuals

of each instance rather than co-segmenting, which leverages commonality. We

construct multiple prototypes at multiple levels of granularity to similar effect, as

opposed to averaging in ReCO.

We also note that prior work builds on top of similar pre-trained components such as

CLIP in [Shin et al. 2022b; C. Zhou et al. 2022; Cha et al. 2023; H. Luo et al. 2023],

OpenCLIP in [Wysoczańska et al. 2024], DINO + T5/RoBERTa in [Ranasinghe

et al. 2023; Jilan Xu et al. 2023]. We additionally make use of StableDiffusion,

which is trained on a larger dataset (3B, compared to 400M of CLIP or 2B or

OpenCLIP). OVDiff is, however, fundamentally different to all prior work, as (a)

it generates a support set of synthetic images given a class description, and (b)

it does not rely on additional training data and further training for learning to

segment.



F.3.5 Hyperparameters

OVDiff has relatively few hyperparameters and we use the same set in all experi-

ments. Unless otherwise specified, N = 32 images are sampled using classifier-free

guidance scale [Ho and Salimans 2021] of 8.0 and 30 denoising steps. We employ

DPM-Solver scheduler [C. Lu et al. 2022]. When sampling images for the support

sets, we also use a negative prompt “text, low quality, blurry, cartoon, meme, low

resolution, bad, poor, faded". If/when segmenter Γ fails to extract any components

in a sampled image, a fallback of adaptive thresholding of An is used, following [Liao

et al. 2001]. During inference, we set η = 10, which results in 1024 text prompts

processed in parallel, a choice made mainly due to computational constraints. We

set the thresholds for the “stuff” filter between background prototypes for “things”

classes and the foreground of “stuff” at 0.85 for all feature extractors. When

sampling, a seed is set for each category individually to aid reproducibility.

Computation cost. We focus on a construction of a method to show that

existing foundational diffusion models can be used for segmentation with great

efficacy without further training. OVDiff requires computing prototypes instead.

With our unoptimized implementation, we measure around 110± 10s to calculate

prototypes (sample images, extract features and aggregate) for a single category or

50.2± 2s without clustering using SD. Using CLIP, we measure 49.2± 0.2s with

clustering and 47.7± 0.2s without. We note that sampling time grows linearly: we

measure 55s for 16, 110s for 32, and 213s for 64 images per class. The prototype

storage requirements are 0.39MB using CLIP/DINO for each class.

With our unoptimized implementation, we measure around 110± 10s to calculate

prototypes using SD for a single class, or around 1.14 TFLOP/s-hours of compute.

While the focus of this study is not computational efficiency, we can compare

prototype sampling to the cost of additional training of other methods: TCL requires

2688, GroupViT 10752, and OVSegmentor 624 TFLOP/s-hours.5 While training

has an upfront compute cost and requires special infrastructure (e.g. OVSegmentor

uses 16×A100s), OVDiff’s prototype set can be grown progressively as needed,

while showing better performance.

We additionally measure the speed of inference at 0.6s per image, which is slightly
5Estimated as training time × num. GPUs × theoretical peak TFLOP/s for GPU type.



slower but comparable to 0.2s for TCL and 0.08s for OVSegmentor. We performed

inference measurements using SD on the same machine with a 2080Ti GPU using

21 classes and the same resolution/sliding window settings for all methods.

F.3.6 Interaction with ChatGPT

We interact with ChatGPT to categorise classes into “stuff” and “things” for the

stuff filter component. Due to input limits, the categories are processed in blocks.

Specifically, we input “In semantic segmentation, there are "stuff" or "thing" classes.

Please indicate whether the following class prompts should be considered "stuff"

or "things":”. We show the output in table F.8. Note there are several errors

in the response, e.g. glass, blanket, and trade name are actually instances of

tableware, bedding and signage, respectively, so should more appropriately be

treated as “things”. Similarly, land and sand might be more appropriately handled

as “stuff”, same as snow and ground. Despite this, We find ChatGPT contains

sufficient knowledge when prompted with "in semantic segmentation". We have

estimated the accuracy of ChatGPT in thing/stuff classification using the categories

of COCO-Stuff, which are defined as 80 "things" and 91 "stuff" categories. ChatGPT

achieves an accuracy rate of 88.9% in this case. We also measure the impact the

potential errors have on our performance by providing “oracle" answers on the

Context dataset. We measure 29.6 mIoU, which is similar to 29.7± 0.3 of using

ChatGPT, showing that small errors do not drastically affect the method, however,

enable using “stuff" filter component, which improves performance (see Table 3).



Table F.8: Response from interaction with ChatGPT. We used ChatGPT
model to automatically categorise classes in “stuff” or “things”.

airplane: thing window: thing awning: thing
bag: thing wood: stuff streetlight: thing
bed: thing windowpane: thing booth: thing
bedclothes: stuff earth: thing television receiver: thing
bench: thing painting: thing dirt track: thing
bicycle: thing shelf: thing apparel: thing
bird: thing house: thing pole: thing
boat: thing sea: thing land: thing
book: thing mirror: thing bannister: thing
bottle: thing rug: thing escalator: thing
building: thing field: thing ottoman: thing
bus: thing armchair: thing buffet: thing
cabinet: thing seat: thing poster: thing
car: thing desk: thing stage: thing
cat: thing wardrobe: thing van: thing
ceiling: stuff lamp: thing ship: thing
chair: thing bathtub: thing fountain: thing
cloth: stuff railing: thing conveyer belt: thing
computer: thing cushion: thing canopy: thing
cow: thing base: thing washer: thing
cup: thing box: thing plaything: thing
curtain: stuff column: thing swimming pool: thing
dog: thing signboard: thing stool: thing
door: thing chest of drawers:thing barrel: thing
fence: stuff counter: thing basket: thing
floor: stuff sand: thing waterfall: thing
flower: thing sink: thing tent: thing
food: thing skyscraper: thing minibike: thing
grass: stuff fireplace: thing cradle: thing
ground: stuff refrigerator: thing oven: thing
horse: thing grandstand: thing ball: thing
keyboard: thing path: thing step: stuff
light: thing stairs: thing tank: thing
motorbike: thing runway: thing trade name: stuff
mountain: stuff case: thing microwave: thing
mouse: thing pool table: thing pot: thing
person: thing pillow: thing animal: thing
plate: thing screen door: thing lake: stuff
platform: stuff stairway: thing dishwasher: thing
plant: thing river: thing screen: thing
road: stuff bridge: thing blanket: stuff
rock: stuff bookcase: thing sculpture: thing
sheep: thing blind: thing hood: thing
shelves: thing coffee table: thing sconce: thing
sidewalk: stuff toilet: thing vase: thing
sign: thing hill: thing traffic light: thing
sky: stuff countertop: thing tray: stuff
snow: stuff stove: thing ashcan: thing
sofa: thing palm: thing fan: thing
table: thing kitchen island: thing pier: thing
track: stuff swivel chair: thing crt screen: thing
train: thing bar: thing bulletin board: thing
tree: thing arcade machine: thing shower: thing
truck: thing hovel: thing radiator: thing
monitor: thing towel: thing glass: stuff
wall: stuff tower: thing clock: thing
water: stuff chandelier: thing flag: thing


	Introduction
	What is an Object?
	Literature Review and Key Ideas
	Outline and Contributions
	Publications

	ClevrTex: A Texture-Rich Benchmark for Unsupervised Multi-Object Segmentation
	Introduction
	Related Work
	ClevrTex
	Models
	Experiments
	Conclusions

	Guess What Moves: Unsupervised Video and Image Segmentation by Anticipating Motion
	Introduction
	Related Work
	Method
	Experiments
	Conclusions

	Unsupervised Multi-object Segmentation by Predicting Probable Motion Patterns
	Introduction
	Related Work
	Method
	Experiments
	Conclusions

	Learning segmentation from point trajectories
	Introduction
	Related work
	Method
	Feasibility study
	Experiments
	Conclusion

	Diffusion Models for Open-Vocabulary Segmentation
	Introduction
	Related work
	Method
	Experiments
	Conclusion

	Discussion
	Summary and Impact
	Conclusions

	References
	Statement of Authorship
	ClevrTex: A Texture-Rich Benchmark for Unsupervised Multi-Object Segmentation  Supplementary Material
	Dataset Documentation: Datasheets for Datasets
	Dataset
	Supplementary Material

	Guess What Moves: Unsupervised Video and Image Segmentation by Anticipating Motion  Supplementary Material
	Experimental Setup
	Quadratic Flow Model: Closed Form Solution
	Further Experiments
	Additional Results and Discussion

	Unsupervised Multi-object Segmentation by Predicting Probable Motion Patterns  Supplementary Material
	Loss derivation
	MovingClevrTex and MovingClevr
	Hyperparameters
	Additional ablations
	Additional results

	Learning segmentation from point trajectories  Supplementary Material
	Broader impact
	Additional ablations
	Additional results
	Parametric mask alterations
	Implementation details

	Diffusion Models for Open-Vocabulary SegmentationSupplementary Material
	Additional experiments
	Broader impact
	OVDiff: Further details


