
DINO Features for Salient Object
Detection

by

Albert Ding

A thesis
presented to the University of Waterloo

in fulfillment of the
thesis requirement for the degree of

Master of Mathematics
in

Computer Science

Waterloo, Ontario, Canada, 2024

© Albert Ding 2024



Author’s Declaration

I hereby declare that I am the sole author of this thesis. This is a true copy of the thesis,
including any required final revisions, as accepted by my examiners.

I understand that my thesis may be made electronically available to the public.

ii



Abstract

In the field of computer vision, it can be useful to solve the problem of modeling the
visually “salient” areas in a scene viewed by a human. One way to formulate this problem
is to give an estimate of how likely a pixel is to belong to an “object” (as opposed to the
background) which altogether forms a “saliency” mask. This has become a task commonly
known as Salient Object Detection (SOD).

Supervised methods for this task are given a set of images and their corresponding
pixel-precise saliency mask targets (often hand-labeled) and aim to learn the relationship
between them. Unsupervised SOD methods in comparison attempt to identify salient
objects by solely examining an image. This gives unsupervised methods the advantage
of not needing expensive labels which are susceptible to human error. One good place to
start an unsupervised method from is a technique called unsupervised feature learning.
Interestingly, the Vision Transformer (ViT) [30] which struggled to find its place in the
task of image classification, was able to produce features that are directly useful for SOD
when it is trained in an unsupervised manner [11] called self-DIstillation with NO labels
(DINO).

The authors of LOST [97] which investigates DINO features further have found that
the “keys” from the last attention layer stand out as the most useful. Melas-Kyriazi et
al. [80] and TokenCut [120] explore how applying spectral clustering methods to these
features can be a good way to do tasks in computer vision without supervision. In this
thesis we choose to continue to investigate these features for use in SOD by developing
a K-means clustering-based method. From our experiments with a multitude of methods
for using DINO features we observe that the clusters are rich in salient information. This
could mean that the features themselves are particularly useful for SOD when processed
by clustering methods.

We first apply K-means clustering to DINO features, then select some clusters to
be salient according to various heuristics, upscale and post-process the resulting coarse
saliency maps, obtaining pseudo-ground truth. Finally, we train a SelfReformer [136]
saliency model on our pseudo-ground truth. The most important step of our approach is
the heuristic which decides on salient clusters after K-means clustering. We have done an
extensive development and evaluation of many heuristics, and, surprisingly, the simplest
heuristic which assigns the clusters not touching the image border to be salient works the
best, outperforming the complex method based on eigenvectors presented in [80], after
SelfReformer training.
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Chapter 1

Introduction

1.1 Salient Object Detection

Image segmentation is one of the main problems in computer vision today. In image
segmentation, a digital image is partitioned into sets of pixels called segments. In classical
computer vision (before deep learning), one often solved the task of general purpose image
segmentation [34]. In general purpose image segmentation, the task is to partition an
image into segments, where pixels in the same segment are expected to be similar to each
other in some way, for example pixels can have similar colors, or intensities, or texture [99].
One way to mark segments is to assign an integer label to every pixel so pixels with the
same label belong to the same segment. Image segments can also be marked by giving a
set of contours whose enclosed regions are interpreted as the segments. See Figure 1.1 for
an example of general purpose image segmentation.

Figure 1.1: General Purpose Image Segmentation [34]
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Most often, we want image segments to correspond to objects or well defined object
parts. General purpose image segmentation does not guarantee that, since what constitutes
a segment is defined in terms of the color/texture/etc. similarity of pixels inside a segment.
An object can have pixels of distinct colors/textures, and conversely, there can be different
objects of similar color/textures. Semantic segmentation [96, 14, 52], is a special type of
image segmentation where each pixel is labeled with an object class (i.e. the semantic
category). Thus in semantic image segmentation, the task is to partition an image into
segments where each segment consists of pixels of the same object class it belongs to.
Usually, there is a set of classes of interest which one wants to segment (i.e. people, cars,
etc.), and all other classes are grouped together into a “background” class. See an example
of semantic segmentation in Figure 1.2, where the set of object classes is {person, bicycle}.
If there is more than one object from the same class in an image, all these objects are
assigned the same class label. This is as opposed to another way of formulating image
segmentation called instance segmentation where the goal is to have a separate label for
each individual object belonging to the same class.

Figure 1.2: Semantic Segmentation Example [14]

There is a special useful case of semantic segmentation, where there are only two classes:
the “object” class and the background class. This task is called salient object detection
(SOD). This task results in producing a binary mask where each pixel is labeled as either
the object (usually visualized as bright) or the background (usually visualized as dark), see
Figure 1.3. Often, in addition to the mask, one produces a confidence score of how likely
each pixel belongs to the salient object, or, in other words, the degree of visual saliency of
a pixel. Historically, SOD research began with cognitive psychology research [104], from
which arose a model of human visual attention which proposed that certain regions of a
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scene would be first to attract attention from a human viewer, and thus are “salient” or
prominent in the scene. However, there is no rigorous definition of visual saliency, only an
intuitive one.

Before deep learning, SOD was often solved by designing by hand, properties which
salient regions are likely to possess, such as central location [74], high contrast on the
boundary [3], etc. However, these approaches are not robust and too simplistic to accu-
rately solve the problem. More successful approaches are based on learning SOD from
images where the salient objects are annotated by humans. In particular, the most suc-
cessful methods are based on deep learning [116, 136].

SOD has many applications to tasks in computer vision such as image captioning
[132, 33], semantic segmentation [124, 118] and object detection [139]. In particular, ob-
ject detection is directly responsible for helping real-world vision tasks such as autonomous
driving [125] and robotics [38]. SOD has even been used for AR [88] and can be a prepro-
cessing step to many different tasks in computer vision.

(a) Input Images (b) Ground Truths

Figure 1.3: SOD Image and Ground Truth Examples [115]
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1.2 Solving SOD

Early classical SOD methods are based on designing by hand features that have high
response to salient objects. For example, in [74], they designed 3 features which they
call multi-scale contrast, center-surround histogram and color-spatial distribution. Multi-
scale contrast is computed by taking a linear combination of the contrast of an image
at multiple scales. The idea behind the center-surround histogram, where they take the
difference between the color histograms of a candidate “center” rectangle and an area of
equal size found inside a “surrounding” rectangular boundary, is to make use of the fact
that salient objects can be easily discerned from the area surrounding their boundaries.
Finally, the color-spatial distribution feature is defined by representing all colors of an
image with a GMM and computing the spatial variance of those colors so that the final
feature value assigned to pixels belonging to a certain color is inversely proportional to
the computed spatial variance. To further concentrate the saliency prediction done by
color-spatial distribution, they make use of the center prior (which is the tendency for an
object to appear at the center of an image), and make it biased towards the center.

In another approach, [21], they compute a color histogram after quantizing the color
space (to reduce the number of possible colors) and used it in two contrast-based methods of
SOD called Histogram-based contrast (HC) and Region-based contrast (RC). For HC, the
main principle is to compute the saliency of a pixel as the sum of its color differences with all
other pixels. Since the color histogram was computed in the compressed quantized space,
the computational complexity was greatly reduced. The final post-processing step involves
smoothing the color space by taking a weighted average of similar colors. For RC, the main
idea is to take the color histograms of regions produced by an image segmentation algorithm
and define the saliency of a region as a weighted sum of the color difference between all other
regions. Although the color histograms are normalized to act as a probability distribution,
the weights used are proportional to the number of pixels in a region.

While both contrast and center priors have proven to be useful priors, Wei et al. [123]
proposed the use of priors that can be found in the background which they call the boundary
prior and the connectivity prior. The boundary prior is based on the assumption that the
boundary of an image is made up of mostly the background and the connectivity prior
is based on the assumption that background segments can be connected easily because of
their homogeneity. Armed with these two priors, they developed an algorithm which they
call geodesic saliency.

Classical approaches to SOD are based on hand-crafted features and priors and cannot
solve the problem to a high degree of accuracy. The area of SOD has been revolutionized
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by deep learning [66], with one of the first fully supervised SOD deep learning approaches
in [68]. In fully supervised SOD one needs a dataset where salient objects have been
labeled by a human. Then, a CNN architecture is designed, where the CNN outputs,
for each pixel, the probability of that pixel to belong to a salient object. Various CNN
architectures tailored to the SOD problem have been designed [147, 63, 116].

Most recently, Transformer[108]-based models have started to gain traction in computer
vision. Transformers often outperform CNNs due to the presence of attention layers, which
can model longer-range interactions between pixels more successfully than CNNs. One
Transformer-based model of particular interest is the Vision Transformer (ViT) [30], and
one of the latest examples of using Transformers for SOD is the SelfReformer [136].

The ViT has recently been modified by Caron et al. [11] with a method of self-
supervision called self-DIstillation with NO labels (DINO) and some of the features (also
referred to as the attention maps) from the last layer exhibited saliency from a qualitative
standpoint. Building on this foundation, Melas-Kyriazi et al. [80] have found these fea-
tures to be quite powerful for unsupervised semantic segmentation. In this work, we will
explore the potential of self-supervised features from DINO to generate saliency masks as
well as the effectiveness of using those masks as pseudo-ground truths.

It is empirically evident that this revolution has been enabled by the amount of data
that has pixel-level annotations. While supervised methods of training neural networks
work well [136], providing adequate ground truths for training can be very expensive as
each pixel of an image must be labeled. Some have tried to lower the amount of supervision
needed with semi-supervised learning [76] and weakly-supervised learning [90]. Avoiding
this challenge of labeling has become one of the main motivations behind researching
unsupervised methods, which is the ultimate goal of this work.

1.3 Unsupervised Feature Learning

From the advent of deep learning also came feature learning. Feature learning usually
involves extracting from certain hidden layers of a neural network and designating the
activations of these layers as deep features. Feature learning is also called representation
learning because the extracted features can be considered a representation of an image.

Most feature learning methods are supervised, i.e. features are learned while perform-
ing some task, such as classification, using labeled data (ground truth) [26]. However,
unsupervised feature learning is an attractive alternative to feature learning, as there is
overwhelmingly more unlabeled data that can be used for training and normally, the more
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training data there is, the better the learning outcome. For unsupervised learning, one has
to come up with some pretext task and a loss function for training. For example, the task
might be to determine whether two input images are crops/augmented views of the same
image or come from distinct images [46]. Recently, [11] proposed an unsupervised feature
learning method based on the Transformer architecture which excels at feature learning.
We use DINO features as the basis of our approach for SOD without pixel-precise super-
vision.

Normally, the input to a Transformer is a sequence of “tokens”, which are equal-length
vectors encoding the input text of some human language. To adapt such an architecture
for computer vision, the ViT breaks up an image into patches of 16x16 pixels to form a
sequence of tokens. The output of the Transformer which is commonly referred to as an
attention map gives an “activation” value, a scalar, for every possible pair of tokens. The
hope is that these activations are a result of the Transformer’s ability to model spatially
long-range dependencies between the patches of the input image.

In the case of DINO, a prepended classification (CLS) token (an idea borrowed from
[27]) has its dot product taken with the rest of the non-classification tokens producing a
sequence of activations that can be reinterpreted as a downscaled representation of the
input image. Applying nearest-neighbour interpolation to upscale the attention map back
to the input image’s original size appears to show that DINO understands image segmen-
tation. The attention maps from DINO shown in Figure 1.4 are self-supervised features of
particular interest for SOD as discovered by [97, 80, 120, 75]. Since DINO uses 6 attention
“heads” (instances of a Transformer), the maps shown could come from any one of those
6 heads.

Figure 1.4: Attention maps produced by DINO [11]
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1.4 Contribution

In this thesis, we explore unsupervised Salient Object Detection (SOD). The advantage
of an unsupervised approach is that there is much more unsupervised data available for
learning compared to labeled (supervised) data. Another advantage is that by using un-
supervised data, we have the possibility of avoiding any biases the annotator might have
when they perform labeling.

Our approach to unsupervised SOD is based on DINO features. DINO features have
been shown to be useful for segmentation, but up to date, there is no comprehensive
exploration for using DINO features for the task of SOD.

We first evaluate an approach based on eigenvectors [80], which was proposed in prior
work for semantic segmentation with DINO features.

Then we develop and evaluate several simpler approaches. We start by performing K-
means clustering on DINO features and show that the resulting clustering breaks images
into meaningful segments, where one (or several) of the segments correspond to the salient
object or salient object parts. The main problem then becomes determining which of the
segments correspond to the salient object or a salient object part.

First we develop an approach for filtering out unreliable clusters. These are clusters
which are not frequent, i.e. they do not have many members across the whole training
dataset. After unreliable clusters are removed, we propose several simple approaches for
determining salient objects (or parts of salient objects).

The first approach is based on simply assigning any segment that does not touch the
image border to the salient object. This is based on the well known fact that salient objects
tend to occupy the image center which we will call the center prior

Our second approach also utilizes the center prior and selects clusters that are close to
the image center. The selection process can be done through a variety of methods such as
top k closest clusters, or just taking the cluster assignment which has the largest difference
in average distance between the object and background pixels.

Finally, our third approach is based on applying “global” K-means clustering to the set
of all “local” cluster centers (the cluster centers produced from applying K-means clustering
to each image individually) across the dataset. We reassign each local cluster to a global
cluster based on which global cluster their cluster center was assigned to. The collection of
local clusters belonging to a specific global cluster can then be assigned to be salient or not
based on global cluster statistics (dataset-level information) such as applying a threshold
to the count of the number of local clusters touching the border. The best results for
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approaches based on global cluster statistics came from taking the global clusters with the
lowest average border-touching pixels to cluster size (as opposed to border size) ratios.

The final step in all of our approaches is to train a Transformer-based neural network
[136] on a dataset with “pseudo”-ground truths, i.e. a dataset where the ground truth
labeling is provided by the estimated salient object. Such pseudo-ground truths are noisy,
and we develop a method which is more successful for training from noisy ground truths.

Surprisingly, our first approach, where we simply label any segment not touching the
image border as salient, leads to the best performance after using the results of this ap-
proach as pseudo-ground truth for neural network training.

1.5 Thesis Structure

An introduction to unsupervised SOD is given in Chapter 1. In Chapter, 2 we go over the
history of unsupervised feature learning. Then, in Chapter 3, the main proposed methods
for unsupervised SOD are discussed. Chapter 4 is dedicated to the experiments and results
as well as some analysis of the results. Finally, a conclusion is given in Chapter 5.
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Chapter 2

Background

2.1 Neural Networks

Neural networks began with the idea of modeling neural activity using propositional logic
in 1943 [79]. This led to the birth of the perceptron in 1957 [91] with the goal of simulating
the function of a biological neuron. The mathematical formulation of a perceptron is that
of a function that takes as input a vector of numbers and outputs a linear combination of
the input vector’s components. The coefficents are unanimously referred to as “weights” in
the literature. These weights are said to be “learnable” because they are usually adjusted
given an input dataset by gradient descent. Adjusting the weights of a neural network is
also referred to as “training” the neural network. Traditionally, depending on the learning
goal of a neural network, an appropriate loss function is chosen that measures the amount
of loss the neural network has on a given input data point. The loss function is also the first
point of differentiation when applying gradient descent. If training is done by computing
the loss between the neural network’s output and a given expected output, then the neural
network is known to have undergone training with “supervision”. See Figure 2.1 for a
visualization of a single neuron (perceptron).

When the outputs of a set of perceptrons are used as the subsequent input to another
perceptron, we call the resulting architecture and one of the earliest neural networks,
a multi-layer perceptron (MLP). The first and last layers are known as the input and
output layers respectively, and the rest of the layers are called hidden layers. See Figure
2.2 for a visualization of an MLP. Extending a neural network by adding more layers
could help it model a wider set of functions compared to one with a single layer [81].
The more layers a neural network has, the “deeper” it is considered to be which is why
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Figure 2.1: Perceptron Visualization [89]. The heaviside step function can be replaced with
any “activation” function which is meant to model the expected electrochemical activation
behaviour a neuron might exhibit in an organic brain.

the study of neural networks is generally known as “deep learning”. To help networks
learn efficiently, the backpropagation algorithm which involves applying the chain rule and
dynamic programming for gradient descent was essential [92].

Figure 2.2: MLP Visualization [4]
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Convolutional Neural Networks (CNNs)

Convolutional neural networks [65] have a special structure that reduces the number of
trainable parameters by taking advantage of the fact that features which are useful in one
part of the image are often useful in other parts of the image, or so-called translational in-
variance. CNNs introduce a layer known as the convolutional layer, an alternative to using
perceptrons which are also known as fully connected layers since there is a separate learn-
able weight parameter for every possible input and output neuron combination. A fully
connected layer’s parameters can essentially be encoded as a learnable matrix where the
elements of the matrix are “learned” iteratively through gradient descent. A convolutional
layer on the other hand can give a massive reduction in the total number of parameters
by “sharing weights”. Given an image, the weights are parameterized by a “kernel” which
convolves over the image like a sliding window. A conventional convolution kernel has the
same number of channels as the input image. After taking the dot product with every
patch of the image the kernel is designated, a convolutional layer produces an output con-
sisting of a single channel. To increase the size of the output of a convolutional layer in the
channel dimension multiple kernels are used so their outputs can be concatenated along the
channel dimension. See Figure 2.3 for an example of a convolutional layer. Convolutional
layers can also be said to model the scope of image processing tasks better than a regular
perceptron as the sequence of kernels of consecutive convolutional layers can be interpreted
as having the ability to consolidate information over an increasingly larger receptive field.
Early CNNs still used fully connected layers at the end to make a prediction but later fully
connected layers were interpreted as a special case of a convolutional layer which allowed
for Fully Convolutional Networks (FCNs) (a neural network that uses only convolutional
layers) to come about. In 2011, a special type of CNN called AlexNet[61] was developed
and it won the ImageNet 2012 [26] challenge by a large margin, bringing deep learning to
the attention of the machine learning community.

Transformers

One groundbreaking development in the field of deep learning was the creation of the
Transformer [108] in 2016. Introduced to the field of AI for use in Natural Language
Processing (NLP) with networks like BERT [27] and ALBERT [64], research efforts to
bring Transformers into the domain of Computer Vision began most notably in 2020 with
the Vision Transformer (ViT) [30] for image classification. Previously in the Introduction
chapter, we discussed that the typical input to a Transformer designed to solve tasks
in NLP is a sequence of equal-length vectors called tokens. The main reason behind
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Figure 2.3: CNN Visualization [106]

the effectiveness of a Transformer is the attention mechanism which allows it to model
long-range interactions more effectively compared to a CNN. The attention mechanism is
implemented as follows. Recall that a transformer receives a sequence of tokens, which
are then modified to another sequence of tokens at each internal stage of the transformer
architecture. Each token of the sequence is put through learnable “query” and “key”
matrices. The purpose of the query matrix is to modify the tokens in a way that allows the
tokens to “query” the “key” tokens which the key matrix has hopefully modified so that
each token can answer the query of a “query” token appropriately. This is achieved by
taking the dot product of every possible query-key pair. See Figure 2.4 for an illustration.

A series of ViT-based models followed the ViT including Tokens-To-Token Vison Trans-
former (T2T-ViT) [135], DeepViT [149], CrossViT [13], PiT [49], LeViT [42], and CvT
[126] for image classification, Segmentation Transformer (SETR) [148], Segmenter [98],
and SegFormer [129] for semantic segmentation, Pyramid Vision Transformer (PVT) [117],
Detection Transformer (DETR) [9], Unsupervised Pre-training DETR (UP-DETR) [25],
and Deformable DETR [152] for object detection and Swin Transformer [77], and Twins
[23] for all three. For SOD, Visual Saliency Transformer (VST) [73] and Depth-supervised
Fusion Transformer (DFTR) [150] were created. Some examples of utilizing Transformers
to solve SOD include SelfReformer [136], [80], TokenCut [120] and [75].
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Figure 2.4: Query Tokens and Key Tokens [1]

SelfReformer

Yun et al. [136] begin by explaining that traditional deep SOD models employ an encoder-
decoder setup, multi-scale features and global context provided by the decoder. They
note that interpolation damages critical stuctural information that would have been useful
for prediction and that the encoder also contains good global context information and
aim to rectify these architectural decisions with 3 improvements to create SelfReformer
using the PVTv2 [117] as their backbone. The goal of the improvements is to preserve
details for even better performance in SOD. To address the issue of global context they
add a Global Context Branch (GCB) on top of the encoder which has the job of preserving
encoder features. They also create a Context Refinement Module (CRM) which helps multi-
scale features to combine better and utilize Pixel Shuffle (PS) which preserves information
during downsampling by shuffling the pixels into the channel dimension. Making these
three improvements helped them achieve state-of-the-art performance on a multitude of
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standard benchmarks for SOD.

ViT Analysis

Some researchers have tried optimizing the training and architecture of the ViT such as
Data-efficient image Transformers (DeiT) [102], [138], Class-Attention in Image Trans-
formers (CaiT) [103], and T2T-ViT [135]. Tuli et al.[105] compared Transformers with
CNNs and found that they are less biased towards textures. Naseer et al. [82] also studied
properties of Transformers and came up with a similar observation. These observations
combined with the work done by Caron et al. [11] on ViT to apply self-supervised learning,
which they call self-DIstillation with NO labels (DINO), showing that the attention map
features contain object segmenting information motivated [97, 80, 120, 75] to research new
ways of using DINO features for various computer vision tasks.

2.2 Unsupervised Feature Learning

Learning features (representations) is considered by many to be one of the main reasons
deep learning works so well [95]. Before deep learning, features in computer vision such
as edges or texture were extracted from images by a group of methods known as fea-
ture detectors. When features are learned without supervision they can help alleviate
the problem with supervised learning methods in computer vision of potentially requiring
expensive pixel-level annotations [31]. One unsupervised method of learning is known as
self-supervision. To tackle the problem of learning features with self-supervision directly,
a number of pretext tasks have been proposed such as spatial context [28], jigsaw puzzles
[85], rotations [41], inpainting [86], colorization [142], channel prediction [143] and con-
trastive predictive coding [48], [107]. The ultimate purpose of using a pretext task as a
self-supervised learning goal is for a deep learning model to learn to produce features which
are good image representations (that can then be used to solve the given pretext task) in
the process of solving one.

Later research on self-supervised feature learning became more focused on contrastive
learning [44], [127], SimCLR [17], MoCov2 [18], [58], [101], which is one approach that has
started to see more success over pretext tasks. The foundation of contrastive learning as
a form of self-supervision is the formulation of the loss function used. While a supervised
method expects a fixed target to compute the loss, contrastive learning allows for a pair of
dynamic targets that are usually augmented views of the input images. Many contrastive
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learning methods involve both positive examples where both views come from the same
image and negative examples where the network must determine that the views came from
different images to prevent collapsing to a trivial solution. Some researchers have tried
removing the need for negative examples SimSiam [19], BYOL [43], [137]. Since most of
the previously mentioned methods of contrastive learning produce a single feature vector
for image classification some researchers have explored dense contrastive learning [87],
[119], [131] to learn more dense features for tasks like SOD and semantic segmentation.
However, finetuning (further training) is still needed to adapt these dense contrastive
learning methods to those tasks which means that the features they learned are not general
enough for direct prediction.

Self-supervised ViTs such as SiT [6], DINO [11], MoCov3 [20], MST [71], BEIT [7],
MAE [45] and SSL SWIN [130] have shown to be the most interesting way of applying self-
supervision. Their performance on standard computer vision tasks such as object detection
[39], MoCo [46], SwAV[10], BYOL [43], [40] is even better than that of CNNs, their most
common supervised counterpart. One more possible use of unsupervised features is to
generate the ground truths that will then be used in supervised learning has been explored
by [84], [115], [141]. In particular [97, 80, 120, 75] have all tried to leverage self-supervised
features extracted from the self-supervised ViT DINO for various tasks in computer vision.

2.2.1 DINO

In 2021, Caron et al. [11] came up with a self-supervised learning procedure which they
call self-DIstillation with NO labels (DINO). In chemistry, distillation is a process that
separates a liquid mixture by boiling (raising the temperature) the liquid. Distillation in
machine learning is a technique for compressing the knowledge of a large machine learning
model or an ensemble of models into a single smaller model. Hinton et al. [50] do this by
raising the “temperature” used in the softmax output layer of the large model to get a soft
probability distribution so that its knowledge can be “distilled” into the smaller model.

Self-distillation is done in DINO by training a student model and a teacher model by
giving them two random augmentations of the same image and asking the student to match
the teacher. The teacher’s parameters are updated with an exponential moving average
of the student’s parameters which make the teacher essentially a momentum encoder de-
scribed by MoCo [46]. Unlike MoCo which uses a contrastive loss function to avoid collapse
to a degenerate solution, DINO uses a standard cross-entropy loss and does “centering”
and “sharpening” on the teacher’s output. Centering is essentially adjusting the teacher’s
output by an exponential moving average of previous outputs while sharpening means using
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a low temperature for softmax. The distillation parallel breaks down here since the teacher
is supposed to be analagous to the larger model whose temperature is high in accordance
to chemical distillation as well as the original distillation work done by Hinton et al.

By applying DINO to a ViT they obtain some interesting self-supervised learned fea-
tures. They observed that these features qualitatively possess more segmenting information
compared to ones produced by ViTs that have been trained with supervision. The features
are also readily used in a K-nearest neighbour classifier for image classification, although
the accuracy is slightly worse than just using a linear classifier (an MLP layer). They also
perform several experiments which show the importance of using momentum contrast [46],
multi-crop training SwAV[10], and small image patches (this makes sense intuitively as
more information can be encoded by the attention activations at the end of each Trans-
former block). The attention maps shown in their paper are created specifically from
upscaling the set of activations corresponding to the “query” classification token and every
“key” non-classification token. To explore these high potential segmenting properties even
further, several researchers specifically try to exploit DINO features for various computer
vision tasks.

2.2.2 DINO Features

LOST

Firstly in 2021, Valeo.ai [97] used DINO features for object localization. The task of
assigning a bounding box to the objects in an image is known as object discovery. The
task becomes known as object detection when the bounding box is combined with a class
label prediction. Specifically, Valeo.ai proposed a method for “Localizing Objects with
Self-Supervised Transformers” abbreviated as LOST which exploits the activation features
produced by DINO. They showed that LOST outperforms the state of the art in the
CorLoc metric on the PASCAL VOC 2012 dataset and using the results as pseudo-ground
truths for training a object detector lead to an even better performance. One of the crucial
decisions they made was to use the “keys” features because the “keys” performed better
compared to using the “queries” or the “values”. Since this decision was made based on
empirical evidence, there is still plenty of opportunity to research exactly what makes the
“keys” so much more powerful.
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Deep Spectral Methods

In 2022, Melas-Kyriazi et al. [80] showed applying spectral clustering to DINO features
gives strong results in semantic segmentation and consequently SOD. Spectral clustering is
a clustering method which is typically done by first creating a feature affinity matrix and
then combining the eigenvectors corresponding to the smallest eigenvalues of the affinity
matrix using some sort of post-processing. More specifically, they construct their affinity
matrix from an RGB Image I ∈ R3×H×W as follows:

1. They aggregate the color and spatial information to get a “color affinity” matrix
Wknn with dimensions (HW ) × (HW ) which encodes a fully-connected graph that treats
each pixel as a node and each matrix entry denotes the edge weight between those pixels.
The edge weight of edge u → v is either 1 − ∥ψ(u) − ψ(v)∥ if u is one of the k-nearest
neighbours of v and 0 otherwise, where ψ(u) is a 5-vector consisting of the r,g,b intensities
and x and y coordinates of pixel u.

2. To create the feature matrix Wfeat, they use DINO “key” features which represent
16 × 16 image patches and so have dimensions h × w × c, where h =

⌊
H
16

⌋
, w =

⌊
W
16

⌋
,

and c = 384. They treat the features, f , as a matrix with dimensions (h× w)× c. Then,
they take the dot product of the features with the transpose to get a matrix that has
dimensions (h× w)× (h× w). Finally, they threshold the resulting matrix at 0 to get rid
of anti-correlations. This is done with ⊙ which is the standard notation for elementwise
multiplication.

(Wthreshold)i =

{
1, if (ffT )i > 0

0, otherwise
, Wfeat = ffT ⊙Wthreshold (2.1)

3. After bilinearly downsampling the color affinity matrix to (h × w) × (h × w), they
add the two matrices to get,

Wfinal = Wfeat + λknnWknn, (2.2)

where λknn is a hyperparameter to set the relative importance of the matrices.

To do SOD, they deem the simplest thing would be to take a threshold that assigns
all positive values on the algebraic connectivity (the second eigenvector when ordering the
eigenvectors by increasing eigenvalues) of the Laplacian of this affinity matrix to the salient
object. Since each eigenvector has dimensions hw, they upsample it back up to HW with
nearest neighbour interpolation and apply a CRF to get a saliency mask for each pixel of
the input image at full resolution.
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To do semantic segmentation, similarly to the method of object cosegmentation they
apply K-means clustering to the eigenvectors to obtain segments for which they recomputed
DINO features to be used again with K-means across the entire dataset for semantic labels.
They also showed that their spectral clustering methods outperformed the state of the art.
Again, the basis of the powerful results shown from this research is both the qualitative
and empirical evidence that DINO features contain a significant amount of segmentation
information.

TokenCut

Similarly in 2022, Wang et al.[120] developed a method of utilizing DINO features to do
object discovery, SOD and object detection. They also used a form of spectral clustering
where the problem is first formulated as one that needs a graph cut and the graph is
constructed is based on similarity scores of the features. The main difference is that
Melas-Kyriazi et al. [80] essentially construct a fully connected graph whose edge weights
are either the dot product of the features representing the endpoints of the edge or 0 if
the dot product is negative, while TokenCut uses edge weights that are 1 if the cosine
similarity of the pair of features is above a certain threshold τ and epsilon (which they set
to 1e-5) otherwise. Similarly to Valeo.ai, Wang et al. improved the performance by using
the results to train a object detector. They showed that their method was able to improve
upon Valeo.ai’s LOST method extended to unsupervised SOD, where they improved on
the IoU metric compared to the state of the art on a multitude of datasets.

Differentiable Normalized Cuts

Finally in 2024, Liu et al.[75] proposed a neural network based on DINO to do unsupervised
dense prediction which includes tasks like semantic segmentation. Since the previously
discussed methods all extract features from a frozen DINO backbone, they proposed using
Differentiable Normalized Cuts to continue training. Their method consists of using a
gradient formulation of Normalized Cuts (so that the gradients can be used in a self-
supervised architecture based on DINO), and RoIAlign from Mask R-CNN [47] on two
random crops of an image to do contrastive learning. They also have experimental evidence
that this method can be applied to other pre-training methods and obtain state of the art
performance in unsupervised dense prediction. The research done so far on the empirically
and qualitatively evident salient information contained in DINO features has shown that
these features are quite useful for solving a variety of tasks in computer vision.
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2.3 Salient Object Detection (SOD)

Supervised Deep Learning for SOD

Some of the earliest known direct research on SOD came from [74] and [3]. Non-deep
SOD models such as [134, 94, 55, 59, 70, 78, 153, 133, 151] typically leveraged information
contained in low-level features and heuristics. Deep SOD models later arrived to completely
takeover and improve performance on the task. Early examples of deep learning applied
to SOD include [114, 147, 16] and some later examples include [72, 67, 63, 116]. While
early deep SOD models such as [68] still used fully connected layers, networks completely
comprised of convolutional layers which are known as fully convolutional networks (FCNs)
[69, 116] in the literature proved to be more performant. One of best performing attempts
at SOD has been done by the Transformer-based SelfReformer [136].

Unsupervised SOD

In this work, we are more interested in unsupervised methods of deep learning. Despite
the great successes deep learning brought to performance in SOD, there were still concerns
regarding the viability of training with full pixel-level supervision. First, let’s talk about
unsupervised object localization. Previously, we discussed the tasks of object discovery
and object detection which both fall under the classification of being object localization
tasks. SOD can be considered a third object localization task. One way to do unsupervised
object localization is to group images across image collections [51], [56], [57], [109] and has
become a method known as object cosegmentation. This does not have good scalability,
so extracting deep features from CNNs that have been pre-trained (with supervision) for
the task of image classification has been explored by [24] and [144] for the purpose of
unsupervised object discovery given a single image. TokenCut [120] and Melas-Kyriazi et
al. [80] both expanded on the work done by LOST [97] which had already improved the
state-of-the-art for unsupervised object discovery. The basis of all three works’ methods
was their use of DINO features. By applying normalized cuts [93] with a slightly different
formulation to the method employed by Melas-Kyriazi et al., TokenCut had the greatest
performance out of the three on standard unsupervised object discovery benchmarks which
they attribute to the application of the Bilateral Solver [8] as a post-processing step.
Extending object discovery to object detection through bounding box assignment has been
explored by [100] and [22].

Efforts to begin researching unsupervised deep learning methods of SOD began with
[115]. Some examples of unsupervised deep learning which use saliency include [110, 111,
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122, 112] and some examples of unsupervised SOD include [60], [140] and TokenCut [120].
Unsupervised SOD can also be considered solved by approaches that solve the more general
task of unsupervised semantic segmentation. Unsupervised semantic segmentation meth-
ods can be generative, which can involve generating an image segmentation [2], [5], [15],
[113] or discriminative which can be done through clustering [54] [53],[145] or contrastive
learning[36].

2.4 Spectral Methods

Spectral graph theory is the study of a graph’s properties through their matrix represen-
tations by examining the eigenvalues, eigenvectors, or characteristic polynomials of those
matrices which began with Riemannian manifolds [12]. Fiedler [35] discovered an impor-
tant result involving the eigenvalues and eigenvectors of the Laplacian matrices of graphs
that is an essential component of the method of image segmentation called spectral clus-
tering by showing that the second-smallest eigenvalue of a graph, the Fiedler eigenvalue,
corresponds to the algebraic connectivity of the graph. [29] also found interesting math-
ematical results on using eigenvectors to partition graphs. Building on those results for
general machine learning, Ng et al. [83] presented a simple standard spectral clustering
algorithm involving spectral decomposition of the Laplacian matrix and clustering a select
set of its eigenvectors.

In computer vision, Shi and Malik [93] used spectral clustering to do image segmentation
by constructing a graph where an image’s pixels are treated as the vertices of a graph and
finding a minimum cut that has been “normalized” by dividing by the total edge weight
of each partition. Given two disjoint sets of nodes A and B of the nodes V of a graph and
w(u, v), the edge weight of an edge with endpoints u and v, they define a cut as

cut(A,B) =
∑

u∈A,v∈B

w(u, v) (2.3)

the total connection of nodes in A to nodes in V as,

assoc(A, V ) =
∑

u∈A,t∈V

w(u, t) (2.4)

and a normalized cut as

Ncut(A,B) =
cut(A,B)

assoc(A, V )
+

cut(A,B)

assoc(B, V )
. (2.5)
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Since minimizing normalized cut is NP-complete, they show that the second smallest eigen-
vector (Fiedler eigenvector) of a Laplacian matrix constructed from the graph gives a good
approximate solution.

Finally, in the case of Melas-Kyriazi et al. [80], spectral clustering is used to extract
semantic segmentations from a specially-constructed affinity matrix by using the fact that
DINO features are essentially a downscaled version of the input image. The eigenvector
corresponding to the Fiedler eigenvalue could then be used to do SOD. TokenCut [120]
also do spectral clustering by applying a normalized cut to a slightly different matrix.
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Chapter 3

Methods

In this chapter we describe our approach. The goal of this thesis is to develop methods
for SOD without supervised data by utilizing DINO [11] features. The advantages of not
using labeled data are that it is possible to train on much larger datasets, and there is no
inherent bias introduced by human annotators.

The methods we develop here are based on K-means clustering of DINO features. We
use two types of K-means clustering: local and global. After clustering, the main problem
is to design a criterion for establishing which clusters belong to the salient object, and
which clusters belong to the background. We develop several heuristic approaches for this
step.

After separating clusters into salient and background, we obtain a rough saliency map,
which can be further improved. We use CRF refinement to suppress noise and increase
resolution. The final step is to use the resulting refined saliency map as pseudo-ground
truth and train a SOD deep learning model on it, to obtain a more accurate SOD classifier.
Since our pseudo-ground truth is noisy, we develop an approach which improves the results
under noise.

3.1 DINO Feature Extraction

Our method begins by preprocessing an input image with a DINO trained ViT and ex-
tracting the last layer’s “key” tokens. This choice of features is based on an empirical
study that showed a performance comparison of possible feature combinations by LOST
[97], which Deep Spectral Methods [80] and TokenCut [120] followed up with by choosing
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to use the same features. Each “key” token can be thought of as encoding a 16x16 patch
of the input image and is a vector of size 384. If the height or width of the input image
is not a multiple of 16, then the image is cropped down to the next multiple of 16 which
is done by using floor division. This means that after extracting features, each image is
downsampled by a factor of 16.

3.2 Local K-Means Clustering

All of our methods are based on K-means clustering. We have two types of clustering,
“local” and “global”. In local clustering, described in this section, we cluster DINO features
of each image individually. The simplest approach to SOD would be to cluster each image
into two clusters (K = 2), with the hope that one of the clusters corresponds to the salient
object, and another to the background. We performed this experiment, showing the result
in Figure 3.1 for some images containing dogs and people as salient objects. The results
are unsatisfactory. While the salient object sometimes gets roughly segmented, quite often
it is missed, or merged with the background.

The main problem with clustering into two clusters is that there is no guarantee that
one of the clusters corresponds to a salient object. A salient object is often contained in a
cluster containing other pixels (non-salient) or is broken between the two clusters. This is
because DINO features are not extracted using salient object detection training, and they
are unlikely to cleanly separate salient and non-salient objects.

Our idea is that if we cluster the image in more than 2 clusters (i.e. perform over-
clustering), then it is more likely that some of the resulting clusters correspond to the
salient object or significant salient object parts. Consider Figure 3.2. It shows the results
of K-means clustering with K = 5, 10 and 15. Note that compared to K = 2, the salient
object is less likely to be grouped with the background parts. From Figure 3.2, we can
see that the salient object is often one of the clusters, or a significant part of one of the
clusters. The question then becomes how to determine which of the (5,10,15) clusters we
should take as the salient and which as the background.
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Figure 3.1: K-Means Baseline [80] Initial Investigation Results
From left to right - Image, Ground Truth and K = 2 Baseline Prediction
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Figure 3.2: Local Clustering Example with K = 5, 10 and 15 on the DUTS dataset [115]
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3.3 Global K-Means Clustering

There are multiple datasets for SOD available for training (please note that we do not
use the pixel-precise ground truth that these datasets have). Therefore, we can perform
K-means clustering globally, across the whole dataset. The advantage of performing clus-
tering globally is that some salient objects which are split across different clusters in local
clustering get assigned to the same cluster. Looking from the point of view of the whole
dataset, pixels in these clusters are not as distinct from each other, compared to looking
at these pixels from the viewpoint of a single image.

However, performing global clustering across a large dataset is expensive, especially
since DINO features are of high dimension. We take the following approach to reduce
the computational burden. First, we perform K-means clustering locally (individually for
each image), with some value for K. We refer to the value of K used for local clustering
as local K. Then we define c(f) as the cluster label a feature f ∈ R384 is assigned to by
local K-means clustering. Next, we take cluster centers from each image, and compute the
feature vectors corresponding to these local cluster centers by averaging DINO features
over pixels inside each local cluster. If the local K is equal, to say, 5, this gives us 5 feature
vectors corresponding to the cluster centers per image. We collect these local cluster center
features across all images in the dataset, and perform K-means clustering on all these local
cluster centers with a global value of K, which is usually larger than the local value. After
this step, each local cluster center is assigned to a global cluster.

Let g(i) be the global cluster label assigned to a cluster center whose local cluster label
is i. To perform clustering of all pixels in all images, we perform the following. Let c(f)
be the local cluster label that feature f is assigned to. Then we assign to feature f the
global cluster label given by g(c(f)).

Figure 3.3 illustrates some global clustering results for global K = 10. Focusing on the
fifth column we can see that in comparison to the local clustering, the global clustering is
able to consolidate the two clusters in the first image that the dog is composed of into one
cluster. Global clustering’s ability to identify semantic classes can be seen in the dog and
camel in the other two images having the same “red” label as the first image’s dog. These
images also have green and blue clusters which could be indicative of common background
classes. In particular, green might correspond to walls and blue to the ground/floor.
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Figure 3.3: Cluster Visualisation. From left to right we have the input image, the ground
truth, the clusters produced by the local clustering step, and global clustering. In the fifth
column, we show the results of global clustering after unreliable cluster filtering. Unreliable
clusters are shown in white. In the first row we can see that the two clusters originally
comprising the dog were merged by the global clustering step.

27



3.4 Unreliable Cluster Filtering

Our next step is filtering out unreliable clusters. Unreliable cluster filtering is performed
on the results of local clustering. But it affects global clustering as well, since global
clustering is based on the results of local clustering. A cluster that corresponds to some
frequent salient objects, such as dogs, is likely to have a similar cluster across many other
images. Therefore, a cluster is deemed reliable if there are many clusters that are similar
to it in other images.

Intuitively, two clusters are similar, if their centers are close to each other. But the
closeness of their centers is best judged in the relation to the compactness of points in each
cluster, see Figure 3.4. This leads to an intuitive definition of two clusters as similar if the
distance between their centers is less than the compactness of both.

(a) Here, the red and blue clusters are too
compact in relation to their centers.

(b) The cluster centers are the same distance apart
(not to scale) as on the left but because their den-
sity is much larger, they are almost fully overlap-
ping, making them essentially the same cluster.

Figure 3.4: Illustration of our criterion for cluster similarity. The points in two clusters
are shown with red and blue. Cluster centers are shown with black.

We define compactness as the average distance of the points in the cluster to the cluster
center. Let x ∈ R384 be the feature vector corresponding to a local cluster center for an
image I and cluster Cx be the set of features in image I that belong to the cluster with
center x, i.e. Cx = {f ∈ I | c(f) = c(x)}. Then the compactness of cluster Cx is defined
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as,

compactness(Cx) =

∑
f∈Cx

∥f − x∥2

|Cx|
(3.1)

Next we calculate cluster similarity counts. This is done for each cluster across the
dataset. We keep the count of the number of clusters similar to the cluster Cx in the
variable similarity count(Cx). If the distance between a pair of cluster centers (x, y)
is less than both cluster compactnesses (compactness(Cx), compactness(Cy)), then both
of their clusters (Cx, Cy) are given 1 to their similarity counts (similarity count(Cx),
similarity count(Cy)) and 0 otherwise. In pseudocode this decision can be described by
Algorithm 1. The only cluster pairs that are not considered are the ones where both clus-
ters belong to the same image. This means for a set of 500 images with K = 5 for local
clustering, each of the 2500 clusters can have a similarity count of up to (500−1)×5 = 2495.

Algorithm 1 Computing similarity counts

Input: D is the full set of local cluster centers
for all x ∈ D do

for all y ∈ D | y is not in the same image as x do

center dist←

√
384∑
i=1

(xi − yi)2

if center dist < compactness(Cx) and center dist < compactness(Cy) then
similarity count(Cx)← similarity count(Cx) + 1

end if
end for

end for

We now determine which clusters are reliable. If a cluster Cx has similarity count(Cx) ≥
2% (total number of clusters), then Cx is considered reliable.

Before applying the “global” clustering step we can make a decision to prefilter clusters
that were deemed unreliable (their centers are not considered for K-means). Intuitively,
unreliable clusters do not occur frequently throughout the dataset and are unlikely to
correspond to salient objects. Therefore, we label any unreliable clusters as background.
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3.5 Salient Cluster Determination: Local Heuristics

After performing the local and global clustering steps and filtering out the unreliable
clusters, we are ready for the task of determining which cluster or clusters belong to the
salient object, and which to the background. In this section, we describe heuristics based
on a single image, i.e. local heuristics.

3.5.1 Center Prior

Taking note of the center prior, which is the tendency for a salient object to be in the
center of an image, we assign clusters that do not touch the image border to be salient,
and the rest of the clusters we assign to the background. A variation of this heuristic is to
assign the clusters that do not touch the corners of the image to the salient object, and the
rest to the background. This variation did not have as strong results as assigning clusters
that touch the image border to the background, see Chapter 4.

See Figure 3.5 for some qualitative center prior illustrations. The border-based heuristic
works better for the second and third row, while the corner heuristic works better for the
first row.

Figure 3.6 illustrates how unreliable cluster filtering helps to obtain more robust results
with our center prior. As shown in the two example input images, unreliable cluster filtering
is particularly useful for images which happen to have a “border”. Such a border gets
assigned to a separate cluster. Without unreliable cluster filtering, such “border” clusters
get assigned to the background and the rest of the clusters to the salient object. With
unreliable cluster filtering, the unreliable clusters (blue and red in the top row, and green
and yellow in the bottom row) also get assigned to the background, resulting in much more
accurate masks.

3.5.2 Least Border

This heuristic is used in conjunction with the Center Prior heuristic described in Section
3.5.1. After using the Center Prior heuristic, some images may have no salient pixels,
i.e. everything is assigned to the background. However, for the training dataset, we know
that each image has a salient object. In order to attempt to rectify the absence of a
salient object, while still using the center prior inspired approach, we find the cluster that
touches the image border the least and assign it to the salient object. Figure 3.7 illustrates
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Figure 3.5: From left to right - Image, Ground Truth, Local Clustering, Center prior
(border-based), Center Prior (corner-based)

Figure 3.6: From left to right - Image, Ground Truth, Local Clustering, Without Unreliable
Cluster Filtering, Unreliable Cluster Filtering

some cases where the least border heuristic helps. In these images, all clusters touch the
image border, and therefore all pixels are labeled as background under the “Center Prior”
heuristic. But with the least border heuristic, at least some clusters are labeled as salient.

31



Figure 3.7: From left to right - Image, Ground Truth, Local Clustering, Least Border
Heuristic

3.5.3 Local Spatial Centeredness

This heuristic is also based on the fact that the salient object is more likely to be in the
center of the image. As opposed to the heuristic in 3.5.1, where we take all clusters not
touching the image’s border (or corners) to be salient, here we want to measure the cen-
teredness, and chose salient clusters based on this measure. We will define the centeredness
of a cluster to be the average spatial distance from pixels in the cluster to the center of
the image. With this heuristic, a cluster can be the most centered but still touch an image
border, and, therefore, be selected for saliency.

Bottom k

We first tried assigning the bottom k (closest to the image center) spatially centered clusters
to be salient.
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Enumeration Selection

Another way to assign saliency according to centeredness is to enumerate all possible
assignments of the local clusters into two segments for a total of 2K assignments. Each
assignment’s two segments can have their centeredness computed, but it’s not so clear how
to proceed and choose the best assignment. One way we have explored is to choose the
assignment with the largest difference between the centeredness of the two segments.

Adaptable Selection

This heuristic selects the salient clusters adaptively, one by one. We start by assigning the
cluster which is closest to the image center to be salient. We assume that this cluster is
most likely to be salient, and therefore, the center of this cluster should be the new “center”
with respect to which we should do all the following computations. Therefore, the next
cluster to be chosen as salient is the cluster which is closest to this newly computed center.
After we add the second cluster, we recompute the “center” as the spatial average of the
pixels in these two clusters. We proceed by adding clusters to be salient in this manner,
recomputing the “center” after each new addition, until k clusters have been selected.

3.5.4 Color Histogram

Our next heuristic is based on the idea that the salient object and the background should
have a large difference in appearance. To model the appearance of a cluster, we use
normalized color histograms. Since the number of colors is high, to avoid sparsity problems
and for efficiency, we quantize color into bins (we tried 3, 8, 16, and 32 bins).

Given two segments, to compute the difference between their appearance, we compute
their normalized color histograms and then measure either the L1, L2 norms or the KL-
divergence between these histograms.

We first divide all clusters into two segments, and then determine which segment is the
salient object, and which is the background.

Our first approach is to choose the most distinct single cluster as one segment. To do
this, we iterate over all clusters, compute the difference in their histograms, and then take
the cluster leading to the largest difference as one segment, and the rest of the clusters as
another segment.
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Our second approach is to go over all possible segment memberships and choose the
one giving the largest histogram difference. Suppose we have K = 5 clusters in the im-
age. Then we have 25 = 32 possible assignments of these clusters to 2 segments. We
enumerate all possible assignments, compute the histogram difference for each, and chose
the segmentation giving the largest histogram difference.

Finally, given 2 segments (produced by the first, single cluster method or the second,
considering all possible memberships), we assign to the salient object the cluster which has
the best spatial centeredness.

3.6 Salient Object Determination: Global Heuristics

Previous heuristics made decisions about the saliency of a cluster for each image individu-
ally. We also consider heuristics which are based on the results of global clustering. These
heuristics make a decision about a global cluster as a whole. If some global cluster is de-
termined to be the salient object, then for all images which have that cluster, the pixels in
that cluster are assigned to the salient object. Each global cluster has pixels in individual
images, and the set of pixels from a cluster in an individual image is called a local cluster.
Below we explore 4 global cluster based heuristics.

Global Border Ratio 1

The center prior is useful for salient cluster determination. Here, we want to apply the
center prior to an entire global cluster. That is, we want to measure, on average, how often
a global cluster touches an image’s border.

A global cluster G has pixels spread around multiple images. Let I be an image that
contains pixels from cluster G. Then we will denote the set of those pixels as the local
cluster GI . We count how many of these pixels touch the border of image I, and then
divide by the number of pixels from the cluster, |GI |. This gives us a measure of how much
a cluster touches the image border for one individual image. We will call this measure
borderRatio1(GI) for local cluster GI .

Finally, we add up borderRatio1(GI) over all images that have pixels from cluster G
and divide by the total number of such images. A global cluster that does not touch border
in any of the images has the best possible score according to this heuristic. We choose as
salient, the top K clusters according to this heuristic.
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Global Border Ratio 2

In this heuristic we do every calculation the same as in Global Border Ratio 1 but instead
of dividing by the number of pixels that make up the local cluster, |GI |, we divide by the
number of pixels that make up the image border. That is to say, if I has height H and
width W , then border borderRatio2(GI) is computed by dividing by 2(H +W )− 4.

This variant of the heuristic is tuned more towards how much of an image border a
cluster touches, whereas the heuristic in the previous section is tuned more to what portion
of a cluster touches the image border.

Global Border Count

This heuristic counts how many local clusters belonging to a global cluster touch the border.
Global clusters with lower border counts are considered better.

Spatial Centeredness

The idea here is again, that the salient objects are more likely to be in the image center.
However, here we measure the spatial centeredness explicitly, just as we did for local
clustering in Section 3.5.3. However, here we do a global calculation. We calculate spatial
centeredness of a global cluster by computing the average distance of each pixel p in the
cluster to the center of the image pixel p actually belongs to. In the end, the global
clusters with better local centeredness are considered better which leads us to take the
bottom (closest to the center) several global clusters to be salient.

3.7 Post-processing

Size Filter

We expect salient objects to be at least 2% of the image size, so images where salient
objects are smaller than that are likely erroneous. We use our approach to construct
pseudo-ground truth for training an SOD model. It is desirable to minimize errors in
pseudo-ground truth. Therefore, we remove from the training dataset all images where the
salient object occupies only a very small portion. In practice, we remove images where
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the salient object is less than or equal to 2% of the image size. This results in a smaller
dataset, but with more accurate pseudo-ground truth.

Applying a Conditional Random Field (CRF)

The final post-processing step is to upsample the coarse saliency masks to the original
image size using nearest neighbour interpolation and applying the dense CRF developed by
Krähenbühl et al. [62]. Upsampling from 16x16 patches gives rough squares and applying
a CRF can smoothen the segmentation.

In computer vision, a conditional random field is usually defined by treating the pixels
of an input image I and a set of labels for those pixels X as random fields so that the
probability of X can be conditioned on I. For the dense CRF we use, the goal is to find
a set of binary labels x, where 0 corresponds to the background and 1 corresponds to the
salient object, that minimizes the following objective function (Gibbs energy),

E(x) =
∑
xi

u(xi) +
∑
xi,xj

v(xi, xj), (3.2)

where xi, xj ∈ x are the labels for pixels i, j and u(xi) and v(xi, xj) are functions known
as the unary potential and pairwise potential.

The unary potential should act on individual labels and takes into account the saliency
mask while the pairwise potential should act on all possible pairs of pixels and considers
the input image. In particular, the unary potential can be computed as,

u(xi) =

{
− ln(0.99), xi = yi

− ln(0.01), otherwise
(3.3)

where yi is the label that the saliency mask gives to pixel i.

The pairwise potential for this dense CRF is based on a linear combination of Gaussian
kernels,

v(xi, xj) = [xi ̸= xj]

(
w1e

−
(

|pi−pj |
2

2α2 +
|Ii−Ij |

2

2β2

)
+ w2e

−
|pi−pj |

2

2γ2

)
(3.4)

where [.] is the Iverson bracket and pi, pj and Ii, Ij are the spatial coordinates and color
vectors respectively for pixels i, j.
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To solve this problem efficiently, an algorithm that finds an approximate solution was
developed that runs for a number of iterations which we set to 5. The rest of the parameters
are set as w1 = 10, α = 80, β = 13, w2 = 3, γ = 3.

See Figure 3.8 for some examples of segmentations before and after the application of
this CRF.

Figure 3.8: From left to right - Image, Ground Truth, No Crf, With CRF

3.8 Training a Supervised Network

The last step of our approach is to use the obtained saliency masks as pseudo-ground truth
and to train a neural network using this pseudo-ground truth for supervision. Specifically,
we use SelfReformer [136] as it is a recent SOD neural network which produces state-of-
the-art results when used for SOD with full supervision. Our main method of labeling
clusters as salient, the Center Prior, results in some images which do not have any clusters
labeled as salient. We exclude such images from training, as they are clearly erroneous
(every pixel cannot be background in a SOD dataset). Other methods, such as Local
Spatial Centeredness, do not have this disadvantage, that is they always produce images
with some cluster labeled as salient.
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Noisy Pseudo-ground Truth

Our pseudo-ground truth is noisy, see Figure 3.9. In particular, we find that the pixels
labeled as salient are more likely to be salient than the pixels that are labeled as back-
ground. As the salient pixels are more reliable than the background pixels, we decided to
keep the salient pixels as is in our pseudo-ground truth, but use only some of the pixels
labeled as the background for training. We replace pixels in the background which are not
used for training with a “void” label. A void label is ignored during supervised training.

Figure 3.9: From left to right - Image, Ground Truth, Pseudo-ground Truth

If every background pixel is set to void, then the supervision will lead to the degenerate
fully salient solution, so it is not a plausible way to implement void pixels. One plausible
way to implement void pixels is to set every background pixel to be void except for a border
of 3-5 pixels in width, as the image border is most likely to be the background. However,
experimental results with this method were quite poor, perhaps because there were no
viable examples of background pixels which are not on the image border. A second way to
implement void pixels is to assign some percentage of the pixels that are not the object to
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be the background. A third way is to label the border of the object as background which
can be done by applying the morphological operation “dilate”. Empirical analysis shows
that labeling a random subset of pixels as void works the best. In particular, we label 80%
of random background pixels as void. See Figure 3.10 for an example of the different ways
to assign void pixels.

Figure 3.10: From left to right - The Original Image, Ground Truth, Object Border Back-
ground and 80% Random Void

Using a Pretrained Backbone

We use the SelfReformer with a pretrained PVTv2 backbone [117] as originally intended
by the authors of SelfReformer which means that before training with our pseudo-ground
truths the SelfReformer has undergone image-level supervision. This means that any results
obtained at specifically this point cannot be classified as unsupervised, but they still achieve
the goal of learning without pixel-level annotations. See Figure 3.11 for a comparison of
the predictions made by a SelfReformer after 200 epochs of training with and without
pretraining.

Figure 3.11: From left to right - Input Image, Ground Truth, Prediction without pretrain-
ing, Prediction with pretraining
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Chapter 4

Experiments

In this chapter we report the results of the experiments we conducted of our approach
as well as provide an analysis of the reported results. We begin by outlining the dataset,
evaluation metric and training protocols used. Then, we discuss the accuracy of our pseudo-
ground truth, the accuracy of the predictions made by a SelfReformer trained on that
pseudo-ground truth as well as some ablation experiments of our proposed heuristics.
Finally we show some qualitative results.

4.1 Benchmark Dataset

We use the DUTS dataset [115] in this thesis. DUTS is one of the largest SOD datasets.
It is divided into the DUTSTR and DUTSTE subsets, containing 10553 and 5019 images
respectively. These images have been sampled from ImageNet [26] and SUN [128]. In
particular, DUTSTR contains a large proportion of single object images that can be solved
more easily making it a relatively easier benchmark compared to DUTSTE which is almost
completely composed of images depicting complex scenes. DUTSTR is typically used for
training, and DUTSTE for evaluation. We train SelfReformer on pseudo-ground truth
obtained on DUSTR, and evaluate the performance on DUTSTE.
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4.2 Evaluation Metrics

Mean Absolute Error (MAE)

One way to evaluate performance in SOD is to use the Mean Absolute Error (MAE)
metric which counts the number of wrong predictions and divides by the total number of
predictions. If P ∈ [0, 1]HW and T ∈ [0, 1]HW are the prediction and target saliency masks,
then MAE can be computed using

MAE =

∑
i

|Pi − Ti|

HW
. (4.1)

F-Measure

Another metric for evaluating SOD performance is the max Fβ metric which is based on
the F-Measure metric. The max Fβ metric is the most common metric for evaluating the
performance of an SOD method. It is defined as below.

If an input image has height H ∈ Z and width W ∈ Z, then let P ∈ [0, 255]HW and
T ∈ {0, 1}HW be the prediction and target saliency masks. P stores a score from 0 to 255
of how likely it is for a pixel to belong to a salient object, with 255 indicating most likely.
For most applications, one needs to threshold P to produce a binary answer, whether each
pixel is salient or not. However, it is not entirely obvious which threshold is the best. The
idea behind max Fβ is that instead of some fixed threshold, we are going to evaluate over
all possible thresholds and choose the best one.

We threshold P at the 255 possible x ∈ [0, 255) to convert it to a binary saliency mask
Px ∈ {0, 1}HW such that Px is 1 wherever P > x and 0 otherwise. This allows us to
compute the “precision” and “recall” of P against T for every image as

precision =

∑
z∈Z

z∑
p∈Px

p
(4.2)

and

recall =

∑
z∈Z

z∑
t∈T

t
. (4.3)
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where Z ∈ {0, 1}HW is 1 wherever Px and T are both 1 and 0 otherwise. In words, precision
is the number of positive predictions that are correct while recall is the number of positive
targets predicted correctly. The result is that both precision and recall are calculated for
each image of the evaluation dataset for all 255 thresholds.

The traditional Fβ metric can then be calculated as

Fβ = (1 + β2)
precision× recall

(β2)precision+ recall
(4.4)

where β is a hyperparameter commonly set to 0.3. β measures how important recall is (a
large β means that you would rather have a worse precision in the denominator), so a β
value of 0.3 means recall is only 0.3 times as important as precision. This is good for not
rewarding the degenerate solution that makes positive predictions for every pixel. Finally,
we take the maximum average Fβ (over every image) for each threshold x to get max Fβ,

max Fβ = max
x∈[0,255)

averagex(Fβ) (4.5)

where averagex(Fβ) denotes the average Fβ for the threshold x. Without β, the traditional
F-Measure would be computed as the harmonic mean of precision and recall,

max Fβ = 2
precision× recall
precision+ recall

(4.6)

which is essentially a special case of Fβ when β = 1. An F-Measure-based metric is better
suited for evaluation of SOD, compared to the MAE metric, in datasets where the salient
object size tends to be much smaller than the background. For such datasets, if we have a
predictor which produces a degenerate solution by labeling every pixel as the background,
since the number of salient pixels is much smaller compared to the background, MAE will
actually give a deceptively good (relatively low) score. However, the F-measure-based score
will be 0, which is the worst possible score.

4.3 SelfReformer Training

Our Main Method

Our main method begins with K = 5 local K-means clustering on DUTSTR. Then we
apply unreliable cluster filtering and the border-based center prior heuristic to choose
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salient clusters. Finally we remove the saliency masks that take up 2% or less of the total
image size and apply a CRF. The remaining masks have their performance evaluated before
moving on to the training of the SelfReformer which will use those masks as pseudo-ground
truth. One possible improvement to the training is the choice of loss function.

Choice of Loss Function

We test some loss function alternatives against the weighted binary cross entropy (BCE)
that SelfReformer uses such as standard BCE and collision cross entropy (CCE) [146].

Binary Cross Entropy (BCE)

Given a single prediction x ∈ [0, 1] for a target y ∈ {0, 1}, BCE can be computed as

BCE(x, y) = −(y ln(x) + (1− y) ln(1− x)). (4.7)

The closer x is to y the closer BCE is to zero loss and on the flipside, the farther x is away
from y, the closer BCE is to an infinite amount of loss. We compute BCE on the final
output of SelfReformer.

Loss Function in SelfReformer

The original loss function SelfReformer uses is a form of weighted BCE which can be
summarized as a linear combination of a modified BCE known as Pixel Position Accuracy
(PPA) [121] applied to 9 separate features from throughout the network. Let P i, 1 ≤ i ≤ 9
be the 9 output features that SelfReformer produces in order of increasing depth so that P 1

denotes the shallowest features and P 9 the deepest features (which is used for prediction)
and the target be G. Then PPA can be computed as,

PPA(P i, G) =

∑
j

(1 + γαj)BCE(P
i
j , Gj)∑

j

γαj

(4.8)

where αj is computed as,

αj =

∣∣∣∣∣∣∣
∑
k∈Aj

Gk

m× n
−Gj

∣∣∣∣∣∣∣ . (4.9)
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where Aj is a surrounding patch of sizem×n around pixel j. The hyperparameters γ,m and
n were set to 4, 31 and 31 in SelfReformer. Every second segment, P i ∈ {P 3, P 5, P 7, P 9}
also has its Confident Loss per pixel computed as,

Confident(P i
j , Gj) =

2×Gj × (1−Gj)× (BCE(P i
j , Gj)) + λ)

|G|
. (4.10)

where λ is set to 1
2
by default. Finally, the total loss can be computed by summing together

a linear combination of PPA on P i, 2 ≤ i ≤ 9 and the 4 Confident Losses with standard
BCE on P 1 (which was produced by the global context branch). This loss function is
good for consolidating the information produced by the global context branch and the
multi-scale features so that SelfReformer can make more detailed predictions.

Collision Cross Entropy

In [146], they introduce Collision Cross Entropy (CCE), which has an advantage over the
standard BCE whenever labels have noise, which is the case with our pseudo-ground truth.
It is based on modeling the probability that two random variables x and y are equal. CCE
is computed as

CCE(x, y) = − ln(y1x1 + y2x2). (4.11)

To adapt our saliency masks which are hard labels in {0, 1} for CCE we convert them to
a distribution over labels, i.e. to soft labels, such as {0.2, 0.8}, {0.3, 0.7} or {0.4, 0.6}. It’s
important to not have the soft label corresponding to 0 be greater than the one correspond-
ing to 1 when using CCE, because maximizing the inside of the ln is effectively equivalent
to minimizing the loss.

Just as in BCE, we compute CCE solely on the final predictive features from SelfRe-
former, i.e. on P 9.

4.4 Pseudo-Ground Truth Accuracy

In this section, we compare the accuracy of pseudo-ground truth generated with our main
method and the prior work method we compare to, eigenvectors [80]. The accuracy of
pseudo-ground truth affects the final results, i.e. the accuracy of the SelfReformer training.
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Comparison of our Main Method to Eigenvectors

We first compare the main method to the eigenvectors produced by [80] in Table 4.1.
The eigenvector’s performance is already quite good but if we adjust them spatially by
reassigning the clusters according to local spatial centeredness we can improve it even
further on average. To do this, we compute the centeredness of the two segments as
described in Chapter 3 and swap their labels if the segment which is closer to the center
was originally labeled as background.

max Fβ MAE Set Size
Main Method 0.8028 0.1209 7097
Main Method (Size Filter) 0.8104 0.1199 6989
Eigenvectors 0.8114 0.1255 10553
Eigenvectors (Spatially adjusted) 0.8712 0.0707 10553

Table 4.1: The accuracy of pseudo-ground truth of our main methods compared to the
eigenvectors [80] method, and eigenvectors [80] methods with spatially adjusted salient
regions. Set size is the number of training images. Our method discards some of the
training images which results in a smaller training set.

Main Method

Varying Local K-means Clustering

Our main method uses local clustering with K = 5. In Table 4.2, we evaluate the accuracy
of pseudo-ground truth with other values for local K. For K = 2 the accuracy is much
higher, and for K = 10 the accuracy is much lower. However, the training set size is much
smaller with K = 2, so the results of training SelfReformer with K = 2 (see Section 4.6
and Table 4.12) are actually worse compared to K = 5.

Varying Global K-means Clustering

Our main method does not use global clustering but we still compare different values of
global K. In Table 4.3, we evaluate the accuracy of pseudo-ground truth with other values
for global K. For K = 5 the accuracy is marginally the best, and for K = 50 the accuracy
is slightly lower.
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max Fβ MAE Set Size
K = 2 0.9239 0.0377 2758
K = 2 (Size Filter) 0.9242 0.0377 2756
K = 5 0.8028 0.1209 7097
K = 5 (Size Filter) 0.8104 0.1199 6989
K = 10 0.5700 0.1998 7714
K = 10 (Size Filter) 0.6464 0.1887 6543

Table 4.2: Performance comparison of local K = 2, 5 and 10 on the training set, DUTSTR.

max Fβ MAE Set Size
Main Method 0.8028 0.1209 7097
Main Method (Size Filter) 0.8104 0.1199 6989
K = 5 0.8055 0.1222 6050
K = 5 (Size Filter) 0.8153 0.1207 5938
K = 10 0.8045 0.1251 6426
K = 10 (Size Filter) 0.8135 0.1237 6316
K = 20 0.8003 0.1282 6797
K = 20 (Size Filter) 0.8085 0.1272 6688
K = 50 0.7988 0.1299 6997
K = 50 (Size Filter) 0.8070 0.1289 6885

Table 4.3: Performance comparison of global K = 5, 10, 20 and 50 on the training set,
DUTSTR.

Other Variants of our Main Method

In Table 4.4 we can see the accuracy of the pseudo-ground truth of our main method
compared to its other variations.

See Table 4.5 for the accuracy of the ground truth used in our ablations. Unreliable
filtering helped the local spatial centeredness method but it didn’t help the main method
for K = 5.
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max Fβ MAE Set Size
Main Method 0.8028 0.1209 7097
Main Method (Size Filter) 0.8104 0.1199 6989
LSC 0.7317 0.1544 10539
LSC (Size Filter) 0.7426 0.1532 10301
LSCU 0.7669 0.1379 7529
LSCU (Size Filter) 0.7742 0.1370 7412
GSC 0.7287 0.1242 885
GSC (Size Filter) 0.7353 0.1244 858
GBR1 0.7535 0.1270 799
GBR1 (Size Filter) 0.7591 0.1277 783

Table 4.4: Main method variations performance comparison. LSC: Local spatial centered-
ness from Section 3.5.3. LSCU: Local spatial centeredness with unreliable cluster filtering
from Sections 3.5.3 and 3.4 respectively. GSC: Spatial Centeredness Global Heuristic from
Section 3.6. GBR1: Global Border Ratio 1 from Section 3.6.

max Fβ MAE Set Size
Main Method 0.8028 0.1209 7097
Main Method (Size Filter) 0.8104 0.1199 6989
No Unreliable Cluster Filtering 0.8295 0.1047 8686
No Unreliable Cluster Filtering (Size Filter) 0.8339 0.1044 8594
No CRF 0.7727 0.1364 7102
Corner Cut 0.7197 0.1562 9938
Corner Cut (Size Filter) 0.7250 0.1558 9833

Table 4.5: Performance comparison of ablation ground truth. The 2% size filter did not
change the ground truth when not using a CRF.

4.5 SelfReformer Training Results

The best performing methods results are shown in Table 4.6. All predictions are on the
DUTSTE dataset obtained after 200 epochs of training on the DUTSTR dataset. Some
training baselines are shown in Tables 4.7 and 4.8. In Table 4.9, we compare the results of
our main method to the more complicated method based on eigenvectors [80]. Surprisingly,
our performance is better. For eigenvectors, we also take the pseudo-ground truth they
produce and train on SelfReformer for 200 epochs.
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max Fβ MAE
Main Method 0.7593 0.0776
Main Method (Size Filter) 0.7670 0.0767
LSC 0.6916 0.0965
LSC (Size Filter) 0.6915 0.0981
LSCU 0.7200 0.0870
LSCU (Size Filter) 0.7217 0.0878
GSC 0.6289 0.1141
GSC (Size Filter) 0.5908 0.1334
GBR1 0.6486 0.1127
GBR1 (Size Filter) 0.6435 0.1142

Table 4.6: Post-training performance comparison for main method variations. LSC: Local
spatial centeredness from Section 3.5.3. LSCU: Local spatial centeredness with unreliable
cluster filtering from Sections 3.5.3 and 3.4 respectively. GSC: Spatial Centeredness Global
Heuristic from Section 3.6. GBR1: Global Border Ratio 1 from Section 3.6.

max Fβ MAE
Main Method 0.7593 0.0776
Main Method (Size Filter) 0.7670 0.0767
Supervised 0.8907 0.0298

Table 4.7: Post-training performance comparison for main method and supervised baseline.
Supervised: Training with the actual DUTSTR ground truths.

max Fβ MAE
Main Method 0.7593 0.0776
Main Method (Size Filter) 0.7670 0.0767
No Pretraining 0.5519 0.2082
No Pretraining (Size Filter) 0.5526 0.2111

Table 4.8: Post-training performance comparison for main method and no pretraining
baseline. No Pretraining: Training on the main method without a pretrained PVTv2
backbone.

48



max Fβ MAE
Main Method 0.7593 0.0776
Main Method (Size Filter) 0.7670 0.0767
Eigenvectors 0.7070 0.1130
Eigenvectors (Spatially Adjusted) 0.7124 0.1216

Table 4.9: Post-training performance comparison for main method and eigenvectors.

4.6 Ablations

For loss function, void pixels, local K, unreliable cluster filtering, CRF, and corner-based
center prior ablations see Tables 4.10, 4.11, 4.12, 4.14, 4.15 and 4.16 respectively. Since
there is not much variation in the performance when using BCE or CCE compared to
using the default loss function, we choose to continue using the original loss for all other
experiments. One interesting result is that compared to the main method, not using unreli-
able cluster filtering is better on the pseudo-ground truth but the post-training predictions
perform worse. While using void pixels does not seem to affect performance much, using
unreliable cluster filtering and a CRF can help significantly.

Ablation max Fβ MAE
Original Loss 0.7593 0.0776
Original Loss (Size Filter) 0.7670 0.0767
BCE 0.7642 0.0819
BCE (Size Filter) 0.7696 0.0809
CCE {0.2, 0.8} 0.7616 0.0754
CCE {0.2, 0.8} (Size Filter) 0.7697 0.0741

Table 4.10: Loss function comparison. The original loss and BCE were used with void
pixels and 20% random background labels while CCE was used with the indicated soft
labels.

Results on Test Data without SelfReformer Training

We also evaluate the main method and eigenvectors on the full DUTSTE dataset directly,
without the final step of training a SelfReformer. Note that in this case, we do not remove
any images from the test dataset if they contain no salient object. The results are in 4.17.
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Ablation max Fβ MAE
Main Method 0.7593 0.0776
Main Method (Size Filter) 0.7670 0.0767
No Void 0.7561 0.0807
No Void (Size Filter) 0.7624 0.0796

Table 4.11: Void pixel ablation.

Ablation max Fβ MAE
Main Method 0.7593 0.0776
Main Method (Size Filter) 0.7670 0.0767
K = 2 0.7402 0.098
K = 2 (Size Filter) 0.7480 0.0986

Table 4.12: Local K ablation.

Ablation max Fβ MAE
Main Method 0.7593 0.0776
Main Method (Size Filter) 0.7670 0.0767
K = 10 0.7668 0.0742
K = 10 (Size Filter) 0.7684 0.0742
K = 20 0.7643 0.0759
K = 20 (Size Filter) 0.7666 0.0757

Table 4.13: Global K ablation.

Ablation max Fβ MAE
Main Method 0.7593 0.0776
Main Method (Size Filter) 0.7670 0.0767
No Unreliable Cluster Filtering 0.7298 0.0905
No Unreliable Cluster Filtering (Size Filter) 0.7355 0.0901

Table 4.14: Unreliable Cluster Filtering ablation.

The performance decreases significantly compared to DUTSTR, because DUTSTE dataset
is harder and now there is no filtering of images without the salient object. These results
also show that training SelfReformer on pseudo-ground truth is crucial for obtaining good
results.
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Ablation max Fβ MAE
Main Method 0.7593 0.0776
No CRF 0.6822 0.1011

Table 4.15: CRF ablation. Note - The 2% size filter did not change the ground truth when
not using a CRF.

Ablation max Fβ MAE
Main Method 0.7593 0.0776
Main Method (Size Filter) 0.7670 0.0767
Corner Cut 0.6671 0.1343
Corner Cut (Size Filter) 0.6728 0.1383

Table 4.16: Corner-based center prior ablation.

Method max Fβ MAE
Main Method 0.4160 0.1099
Eigenvectors 0.6477 0.1292

Eigenvectors (Spatially Adjusted) 0.6528 0.1432

Table 4.17: DUTSTE Baseline. The performance of the main method, default eigenvectors
and spatially adjusted eigenvectors.

4.7 Qualitative Results

See Figure 4.1 for some examples of the predictions made by the SelfReformer trained on
our pseudo-ground truth.
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Figure 4.1: From left to right - Input Image, Ground Truth, Prediction by Main Method,
Prediction by Local Spatial Centeredness

52



Chapter 5

Conclusion

In this thesis we explored the problem of unsupervised Salient Object Detection (SOD).
Unsupervised feature learning in particular is a good starting point for various computer
vision tasks which lead us to consider the prospect of using DINO features that have shown
to be particulary strong salient representations. While ViT and DINO were originally
trained to do image classification, the features produced by DINO are self-supervised which
can be considered more pure representations than the ones produced by a model that has
been influenced by the biases of supervision.

While Melas-Kyriazi et al. [80] and TokenCut [120] explore how to use spectral clus-
tering on these features to do various computer vision tasks, in this thesis we strived to
cover a more comprehensive investigation of the relationship between clustering and DINO
features. This was done through our experiments with a multitude of methods for using
DINO features where we attempted to find the clusters that are rich in salient information.
Even with one of the more simple clustering algorithms, K-means, we were able to obtain
promising results that could indicate that the features themselves are directly clusterable
or have extremely good clustering properties.

Future work could try to continue down the global clustering methods path for fur-
ther improvement. Another path could be to ablate the effectiveness of other clustering
algorithms such as Gaussian Mixture Models (GMMs). Finally, the ultimate question for
future work could be to go all the way back to the beginning and ask why DINO features
are particularly useful. To suggest something that might be a more feasible version of this
question, why do the “key” tokens from DINO work the best?

53



References

[1] 3B1B. https://www.youtube.com/watch?v=eMlx5fFNoYc.

[2] Rameen Abdal, Peihao Zhu, Niloy Mitra, and Peter Wonka. Labels4Free: Unsuper-
vised segmentation using StyleGAN. In ICCV, 2021.

[3] Radhakrishna Achanta, Sheila Hemami, Francisco Estrada, and Sabine Susstrunk.
Frequency-tuned salient region detection. In 2009 IEEE Conference on Computer
Vision and Pattern Recognition, pages 1597–1604, 2009.

[4] Haitham Afan, Ahmedbahaaaldin Ibrahem Ahmed Osman, Yusuf Essam, Al-
Mahfoodh Ali Najah Ahmed, Yuk Huang, Ozgur Kisi, Mohsen Sherif, Ahmed Sefel-
nasr, Kwok Chau, and Ahmed El-Shafie. Modeling the fluctuations of groundwater
level by employing ensemble deep learning techniques. Engineering Applications of
Computational Fluid Mechanics, 15:1420–1439, 09 2021.
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Jégou. Going deeper with image transformers. In ICCV, 2021.

[104] Anne M. Treisman and Garry Gelade. A feature-integration theory of attention.
Cognitive Psychology, 12(1):97–136, 1980.

[105] Shikhar Tuli, Ishita Dasgupta, Erin Grant, and Thomas L. Griffiths. Are convolu-
tional neural networks or transformers more like human vision? In CogSci, 2021.

[106] Stanford University. https://www.youtube.com/watch?v=bNb2fEVKeEo.

[107] Aaron van den Oord, Yazhe Li, and Oriol Vinyals. Representation learning with
contrastive predictive coding, [Online] arXiv 2019.

[108] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N.
Gomez, Lukasz Kaiser, and Illia Polosukhin. Attention is all you need. In NIPS, 2017.

[109] Sara Vicente, Carsten Rother, and Vladimir Kolmogorov. Object cosegmentation.
In CVPR 2011, pages 2217–2224, 2011.

[110] Huy V. Vo, Francis Bach, Minsu Cho, Kai Han, Yann LeCun, Patrick Perez, and
Jean Ponce. Unsupervised image matching and object discovery as optimization. In
CVPR, 2019.
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