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ABSTRACT

SELF-SUPERVISED DENSE VISUAL REPRESENTATION
LEARNING

In this thesis, we study on self-supervised dense visual representation learning.
We propose three different approaches to be used in dense tasks such as object detec-
tion and instance segmentation. In the first one, we propose consistency regularization
at both image-level and pixel-level to alleviate the false negative pairing problem in
the contrastive learning. In the second, we combine two positive-pair matching strate-
gies implemented at the pixel-level, based on similarity and distance, to eliminate the
weaknesses of these strategies. In the third one, we adapt the relational self-supervised
framework (ReSSL) proposed in image-level to dense-level. Contrary to common prac-
tice, we pre-trained these approaches on the COCO dataset, not on ImageNet, and
evaluated them on the Pascal VOC object detection and COCO object detection and
instance segmentation tasks. In our experiments, we observed that consistency regu-
larization, using two separate pixel-level matching strategies together, and stimulating
ReSSL to the pixel-level lead to an increase in performance, both quantitatively and

qualitatively.



OZET

KENDI KENDINE DENETIMLI YOGUN GORSEL
TEMSIL OGRENIMI

Bu tezde, kendi kendine denetimli yogun gorsel temsil 6grenimi iizerine ¢aligiyoruz.
Nesne algilama ve ornek segmentasyonu gibi yogun gorevlerde kullanilmak {tizere iig
farkli yaklasim Oneriyoruz. ﬂkinde, kontrasth 6grenmedeki yanhg negatif esglestirme
sorununu hafifletmek i¢in hem goriintii hem de piksel diizeyinde tutarlhilik diizenlemesi
oneriyoruz. Ikincisinde, bu stratejilerin zayifhiklarmi ortadan kaldirmak icin piksel
diizeyinde uygulanan benzerlik ve mesafeye dayali iki pozitif ¢ift eslestirme strate-
jisini birlegtiriyoruz. Uclinciisiinde, goriintii seviyesinde onerilen iligkisel 6z dene-
timli gergeveyi (ReSSL) yogun seviyeye uyarliyoruz. Yaygin uygulamanin aksine, bu
yaklagimlari ImageNet iizerinde degil COCO veri kiimesi iizerinde 6n egitime tabi
tuttuk ve Pascal VOC nesne algilama ve COCO nesne algilama ve ornek segmen-
tasyonu gorevleri tizerinde degerlendirdik. Deneylerimizde, tutarlilik diizenlemesi, iki
ayr1 piksel diizeyinde eglestirme stratejisinin birlikte kullanilmasi ve ReSSL’in piksel
diizeyine uyarilmasinin hem nicel hem de nitel olarak performansta artiga yol agtigini

gozlemledik.
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1. INTRODUCTION

Visual representation learning is a fundamental area of research in computer vi-
sion (CV) that uses the same backbone models as transfer learning to acquire general-
purpose representations of visual data for addressing various problems such as classi-
fication, detection, and segmentation. In the past, models aiming for this objective
were trained in a supervised manner, such as ResNets [1] trained on the ImageNet [2]
dataset. The success of this approach relied on the availability of annotated datasets
created by human experts. However, it appears that the limits of this learning method
have been reached, as more extensive datasets are required to improve the quality of
learned models. This is where unsupervised or self-supervised learning comes in, with
the aim of surpassing the current performance levels for two main reasons. Firstly, it is
challenging to prepare larger datasets suitable for supervised learning due to the signif-
icant manpower required. In other words, these datasets need to be carefully curated,
which is a labor-intensive process. On the other hand, unsupervised or self-supervised
learning methods can operate on uncurated datasets. Secondly, the prepared datasets
and the supervised learning approach may not be sufficient for solving real-life prob-

lems. Indeed, supervised learning is constrained by the level of supervision available.

Self-supervised learning (SSL), like unsupervised learning, learns from the data
itself without any external supervision. However, unlike unsupervised learning, self-
supervised learning extracts a supervisory signal from the data itself while learning.
Recently, SSL methods have gained a lot of popularity. In particular, the success of
SSL models in natural language processing (NLP) (e.g., GPT [3], BERT [4]) has led
to the widespread use of this approach in vision. As a matter of fact, the supervisory
signal that these methods can generate for learning is more informative than that of

supervised approaches.



1.1. Contributions

In this thesis, we perform self-supervised visual representation learning at the
dense level, i.e. at the pixel level, on the COCO dataset collected for evaluating models
in dense prediction tasks such as object detection, where objects are classified as well
as their positions are predicted by bounding boxes, semantic segmentation, where each
pixel is classified as belonging to a specific class, instance segmentation, where each
pixel which belongs to an object is assigned to the corresponding object and classified
as belonging to a specific class or keypoint detection, where people are detected and

their keypoints are localized.

Earlier works in self-supervised visual representation learning methods work at
the image-level and are trained on ImageNet [2] which is an object centric, well-curated
dataset. Since these techniques work at the image level, the features they learn are
basically at the image level. Therefore, they have limited success in dense prediction
tasks. Besides, ImageNet is limited in generating supervised signals and evaluating
models compared to scene-centric datasets such as COCO. Since ImageNet is an object-
centric dataset, it can be assumed that there is only one object in the image, which is
not suitable for dense tasks as much as COCQO. Therefore, it is more challenging and
realistic to train and evaluate at the dense level, or in other words, at the pixel level, on
datasets like COCO that contain on average more than one object in the images. The

number of studies in the literature that work at dense-level and pre-train and evaluate

on COCO are limited.

We follow contrastive learning [5-9], which is the dominant approach in self-
supervised visual representation learning. In this approach, the images are augmented
twice and two views, query and key, are obtained from each image. These two views
from the same image are also called positive pairs. On the other hand, views from
different images become negative pairs for each other. In other words, the views from
each separate instance form a separate class. The goal is that the feature embeddings

of positive pairs are close to each other and negative pairs are far apart.



This matching applies at the image level. At the pixel level, views will be rep-
resented by multiple patches, so the question is how to match them. Some of the
proposed approaches match these patches based on their feature similarity [5] or dis-

tance from each other [10]. We follow either matching by similarity or a combination

of both.

However, there is a fundamental error in the contrastive learning approach called
false-negative pairing. The problem is that views coming from different images are
designated as negative pairs for each other regardless of any similarity. Negative-
paired views may come from images with the same semantics, such as two different cat
images. In response, approaches such as k-nearest neighbor detection to increase the
set of positive pairs [11], hard negative-mining [12] or false-negative cancellation [13] to
eliminate false negatives in the negative pair set , or consistency regularization [14] that
considers the relationship between negative pairs have been proposed in the literature.

We use consistency regularization to tackle this problem.

Furthermore, we follow the relational self-supervised framework (ReSSL) [15] as
a separate model and extend it to the pixel-level. This approach does not deal with
contrastive learning due to the need for negative-pairing and hence the problem of
false-negative pairing. However, it aims to make positive pairs similar to each other

only through similarity relations with other views.

The contributions of this thesis can be listed as follows:

(i) Pixel-level contrastive learning with consistency regularization: We regularize
contrastive learning with consistency loss at the pixel-level to alleviate false-
negative pairing problem.

(ii) Combination of different pairing strategies at the pixel-level: We combine two
matching, similarity and distance-based, approaches at the pixel-level to overcome
their weaknesses.

(iii) Extension of relational self-supervised framework to the pixel-level: We extend

the relational self-supervised framework at the image-level to the pixel-level.



1.2. Organization of the Thesis

The rest of the thesis is organized as follows: In Chapter 2, we review the liter-
ature, present the existing approaches. In Chapter 3, we describe the baseline models
and explain our proposed models in detail. In Chapter 4, we present the experiments
that we have performed to learn visual representations, and discuss their results. Lastly,

we share our final thoughts about our work in Chapter 5.



2. RELATED WORK

Early research in self-supervised visual representation learning focused on the
concept of pretext tasks, where proxy hand-crafted predictive tasks are used to learn
image representations. In recent years, there has been a major breakthrough and dif-
ferent approaches have been proposed. One way to classify recent work is to group it
into six categories: instance discrimination, contrastive learning, distillation, cluster-
ing, information theory, graph-partitioning, and masked image modeling (MIM) based
methods.

2.1. Hand-crafted Predictive Pretext Tasks

Some of the proposed pretext tasks include colorization from grayscale images
[16, 17], predicting rotation angle [18], predicting the relative position of two patches

(regions) sampled from an image [19], and solving jigsaw puzzles [20].

2.2. Instance Discrimination-based Methods

In an early study, Dosovitskiy et al. [21] converted the unsupervised represen-
tation learning process into a supervised classification problem by using an instance
discrimination pretext task. Each image in the dataset, along with its augmented views
by image transformations (e.g. resizing, cropping, etc.), was treated as a separate sur-
rogate class and this allowed the problem to be solved with supervised classification
techniques. To form surrogate classes, they first detected and cropped areas where
the object(s) might be found in each image based on gradient values in the regions,
and then resized those areas to a fixed size. Subsequently, multiple data augmenta-
tions were applied to the obtained images. Thus, each image and its augmented views
formed surrogate classes. However, this approach led to a significant increase in com-
plexity due to the softmax operation in the classification layer as the number of classes

increases in parallel with the growth of data.



Wu et al. [22] observed that supervised models can automatically capture shared
semantic similarities across classes. Based on this observation, they explored how this
might translate beyond classes to the instance level and addressed the complexity is-
sue in [21] by introducing non-parametric softmax with Noise Contrastive Estimation
(NCE) [23]. The class prototypes, in this case, the instance prototypes were stored in
the memory bank for each instance and updated in each iteration. To learn a visual
representation, the instance encoding and its corresponding feature vector in memory
were drawn close while pushing away from the representations of other instances by
minimizing the negative log-likelihood of the non-parametric softmax with tempera-

ture.

Misra and Maaten [6] noted that predictive pretext tasks such as jigsaw puzzles
lead to representations meaningful for these pretext tasks since these tasks focus on
capturing discriminative features relevant to only these pretext tasks. This hinders
learning general-purpose representations for classification, segmentation and detection,

which is the purpose of self-supervised visual representation learning.

A paradigm shift has therefore occurred with the use of Siamese [24] type two-
branch networks, where images are augmented (distorted) twice with image transfor-
mations, and augmented views are fed to two separate branches of Siamese network.
In this scheme of learning, the goal is to pull representations produced by the views
of the same image closer (i.e. maximize the agreement between the representations of

the views) in the embedding space (see Figure 2.1).

However, it is important to note that merely pulling representations closer to-
gether can lead to what is known as collapsed or trivial solutions. In these situations,
the representations become constant and lack variation. This uniformity in represen-
tations negates the purpose of the learning process as it does not allow for the differ-
entiation of data points based on their unique characteristics. Consequently, there will
be no meaningful learning in the end, rendering the whole process ineffective. Sev-
eral approaches have been proposed in the literature to address this issue, including

contrastive learning, distillation, clustering, and information theory-based methods.
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Figure 2.1. Overall scheme of (a) early pretext-task based SSL and (b)

Pretext-Invariant Learning (PIRL).

2.3. Contrastive Learning-based Methods

Contrastive learning, following instance discrimination, is built upon the idea
that the representations of the query and the key, which are two augmented views
of the same image that are also called positive pairs need to be pulled closer while
the negative pairs which are representations of the different images’ augmented views
need to pushed away from each other in the latent space with contrastive loss. That
is, it uses negative sampling to avoid collapsed solutions. Thus, the collapsed solution

problem is avoided, since the representations different images are kept far apart.

Many researchers followed this approach at the image-level. Misra and Maaten
proposed Pretext invariant representations (PIRL) [6]. Chen et al. used contrastive
learning (SimCLR) [7]. He et al. [8], and Chen et al. (MoCov2) [9] used momentum
contrast (MoCo, MoCov2). While PIRL distorted images with predefined pretext tasks
(e.g. permuting image patches as in jigsaw puzzle), SimCLR, MoCo, and MoCov2 did
so with image augmentations (e.g. resizing, cropping, color jittering etc.). The impact
of augmentations on the quality of representations was examined in Chen et al. [7].
The augmentation approaches proposed in this study, besides the ones in the work of

He et al. [8] were utilized in the work of Chen et al. [9].



In the overall architecture, PIRL and MoCo used only the encoder and calcu-
lated the loss based on the representations produced by encoder(s), while SimCLR and
MoCov2 added a non-linear projection layer (an MLP head) on top of the encoder
and calculated the loss based on the projections (embeddings). In addition, PIRL and
SimCLR used a single encoder and passed the views through the same single encoder,
while MoCo and MoCov2 used a teacher-student framework, passing the query through
the encoder and the key through the momentum encoder, which shares the same archi-
tecture as the encoder but updates as the exponential average of the encoder instead
of being updated by back-propagation like the encoder. Thanks to this momentum en-
coder, MoCo and MoCov2 did not need to use memory banks or large batches like PIRL
and SimCLR. Instead, they used a First-In-First-Out (FIFO) style dynamic queue that
is updated with the outputs of the momentum encoder, and this is where the negative

pairs come from.

The contrastive loss used in these methods is termed as InfoNCE in [25] or NT-

Xent (the normalized temperature-scaled cross entropy loss) in [7] and defined as

_ B e exp(q.ky/7)
oo ; 1 g(exp(q,k+/7—) + Zszl exp(q.kj/T))’ (2.1)

where ¢ is the embedding of query, k, is the embedding of key, which is the positive
pair of g, k; is the jth negative sample, K is the number of negative samples, and B is

the batch size.

Although these methods provide representations invariant to transformations
(pretext or image augmentation), they are based on two naive assumptions: views
from different images, regardless of their content, form negative pairs and are consid-
ered equally negative. These are naive assumptions because the fact that images come
from different images (instances) does not guarantee that they are negative pairs. Con-
sider two separate cat images from the ImageNet [2], a dataset commonly used in SSL.
In basic contrastive learning, the views from these images are considered to be negative
pairs with each other, just as an image of a car is a negative pair with an image of a cat.

Also, in this approach there is a binary understanding: two views are either positive



or negative pairs. However, in reality there is no such black-and-white (either positive
or negative) relationship between images. Some images are more similar to each other
than others, in other words, some images are more positive (or negative) pairs than

others.

To alleviate this problem, Wei et al. [14] introduced consistency loss, which aims
to keep the probability distributions of the similarity of positive pairs to the negative
views consistent among themselves, while Dwibedi et al. [11] and Huynh et al. [13]
manipulated the positive-pair and negative-pair sets with false negative identification
and computed the contrastive loss function over the newly formed matchings. Dwibedi
et al. [11] did so by creating support sets containing the k-nearest neighbors of the
positive pair of each view in the embedding space and matching the nearest-neighbor
of the query with the key, whereas Huynh et al. applied more augmentation to the
images, obtaining more than two views per image, called support views, and used

these views and their k most similar views.

To leverage representations meaningful for dense tasks such as detection and
segmentation beyond the image-level tasks, Wang et al. [5], Pinheiro et al. [26], and
Wang et al. [27] employed contrastive learning at the pixel-level along with the image-
level contrastive learning. To this end, pixels in the query view must be paired with
the pixels in the key view of the same image. Wang et al. [5] matched pixels as positive
pairs based on their embedding similarities and performed dense contrastive learning
(DenseCL). Pinheiro et al. [26] matched pixels of query and key views as positive
pairs based on their distance on the initial image. However, Wang et al. [27] claimed
that matching based on feature similarity would be noisy due to background pixels,
while matching based on distance would lead to semantic inconsistency. Therefore, [27]
formed instead pixel-set including pixels whose attention score are above a certain
threshold and their nearest-neighbors and computed contrastive loss considering each

pixel in these sets as positive-pairs between views.
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2.4. Distillation-based Methods

Another way to prevent collapsed solutions is through distillation. In this ap-
proach, views are predicted from each other rather than being contrasted. Unlike con-
trastive learning, distillation does not require negative pairing, as the objective is solely
centered on prediction. Although distillation does not offer a theoretical guarantee for
avoiding collapsed solutions, it has been experimentally shown to do so through archi-
tectural and algorithmic methods such as using asymmetric architecture, stop-gradient

operation, centering (mean normalization), and sharpening.

Grill et al. [28], Chen and He [29], Koohpayegani et al. [30], and Tejankar et
al. [31] used two asymmetric networks, the online network (student) and the target
network (teacher), to transform the nature of the learning objective into a prediction
task where the online network has an extra head to predict the output of the target

network.

Grill et al. [28] experimentally demonstrated that applying stop-gradient opera-
tion on the target network in the forward propagation and updating its parameters as
an exponential moving average of the online network rather than these networks sharing
weights, together with the asymmetric architecture, hinders collapsed solutions. Chen
and He [29] argued whether or not sharing weights prevents collapsed solutions and
concluded that the stop-gradient operation, along with the asymmetric architecture is
adequate to avoid collapsed solutions even if the online and the target networks share

weights.

The study of properties acquired by Vision Transfomers (ViT) [32], trained in
a supervised manner, has motivated the use of Transformers in SSL. Caron et al.
[33] trained a ViT with a distillation objective (DINO). Although DINO did not use
symmetric networks (i.e. there is no prediction head in the online network), it still did
not collapse into constant solutions. DINO empirically showed that by centering and
sharpening the target network’s outputs with mean normalization and temperature

scaling in softmax operations before computing the negative cross-entropy loss lets the



11

network avoid collapsed solutions. In addition, it was observed that DINO’s attention
maps, associated with the class token ([CLS]) in the last layer, give hints on the salient

foreground regions in an image.

Although distillation does not face the false negative-pairing and does not re-
quire any negative pairing at all, the fact that each view has only one positive pair is
still problematic as mentioned before for the contrastive learning. Therefore, [30, 31]
adopted the memory bank [8] and referring to the mean shift clustering, Koohpayegani
et al. [30] shifted the embeddings of the online network towards the mean of k-nearest
neighbors’ of its positive pair (target embedding) in the memory bank. On the other
hand, Tejankar et al. [31] obtained two probability distributions indicating the similar-
ity between the embeddings of the online and the target networks and the embeddings
in the memory bank and computed symmetric Kullback-Leibler (KL) divergence loss

between these probability distributions.

Reminding the false negative pairing problem in contrastive learning and restric-
tiveness of the equipartition constraint in the recent clustering approaches, Zheng et
al. [15] proposed relational self-supervised learning framework (ReSSL) that ensures
consistency between positive pairs over their relationships with the memory bank. This
relational consistency is established using entropy loss between similarity probability
distributions computed between the positive pairs and the memory bank. Besides, It
showed that the use of weak (less) augmentation on the target side improved its per-

formance.

In their detailed study, Xie et al. looked closely at pixel-level contrastive learning
and distillation. They developed a method of matching pixels as positive pairs based on
their geometric distances. This innovative approach allowed them to examine images
on a more refined level. They applied both contrastive learning, or PixContrast, and
distillation, or PixPro, at the pixel level, aiming to better understand image character-
istics. In addition to pixel-level analysis, they also examined images as a whole, offering

a broad view of contrastive learning and distillation techniques.
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2.5. Clustering-based Methods

Earlier clustering approaches [34-36] assigned pseudo-labels to each image by
iteratively clustering their embeddings and then classified them by considering these

pseudo-labels as their labels with standard supervised classifiers.

Caron et al. [34] and Asano et al. [35] followed this approach in an off-line fash-
ion, where clustering is performed over the whole dataset and then classification is
performed, while Zhan et al. [36] followed the same approach in an online manner,

where joint clustering and feature learning occur simultaneously on each batch.

Caron et al. [34] used k-means for clustering. However, k-means has no constraint
on the size of clusters, which will eventually lead to a collapsed solution where all the
representations are assigned to one cluster and the rest are empty clusters, making
it impossible to minimize loss in the classification step. To avoid this problem, when
a cluster becomes empty, they randomly select a non-empty cluster and add a small
perturbation to its center to generate a new cluster and apportion the selected cluster’s
data points to the new cluster to remove the empty cluster. Moreover, in the classifi-
cation phase, they sample instances uniformly from each classes if there is imbalance

among them.

In other respects, Asano et al. [35] used Sinkhorn-Knopp to cluster data points,
which is an optimal transport problem technique that ensures equipartitioning among
clusters. This equipartition constraint helps to prevent the collapsed solution problem
that arises in [34] with k-means since the possibility of all instances being assigned to
a single cluster is eliminated, but introduces a bias on the cluster sizes, as each cluster

must have an equal number of data points.

To employ online clustering, Zhan et al. [36] used two dynamic memories: sample
memory and centroid memory, to store representations of the entire dataset with their
pseudo-labels and cluster centroids, respectively. These memories were initialized via

global clustering with k-means. In each iteration, respectively, they performed forward
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propagation to obtain image representations, then applied back-propagation based on
pseudo-labels in the sample memory, updated the sample memory as moving-average,
assigned new pseudo-labels with k-means clustering, and finally updated the centroids
as the average of the data points in the clusters. To avoid trivial solutions problem, the
classification loss was re-weighted according to the number of samples in each cluster,
the clusters whose sizes are lower than a threshold were eliminated, these clusters’
samples were assigned into new clusters, and the largest cluster was splited into two

clusters with k-means.

Li et al. [37] combined contrastive learning with clustering to overcome the false
negative-pairing problem in contrastive learning. For representation learning, they in-
troduced an Expectation-Maximization (EM) framework in which k-means clustering
is performed to find prototypes that are the centers of clusters in step E and opti-
mization of network parameters with the proposed contrastive loss ProtoNCE in step

M.

In another work, Caron et al. [38] combined distillation with clustering. They
adapted Sinkhorn-Knopp for soft clustering by adjusting the constraints in the algo-
rithm to be able to bring learning online while maintaining the equipartition constraint
to avoid collapsed solutions. In addition, they introduced code vectors as products of
feature (representation) vectors and prototype vectors and a swapping prediction ob-
jective where code of the key view is predicted from the representation of the query

view.

Some recent studies [39,40] segmented images through clustering and obtained
object-level segmentation masks rejecting the naive assumption of image-level methods

that images are monolithic instances (i.e. there is only one object in images).

The work of Henaff et al. [39] presented an approach consisting of two kinds of
networks was proposed: object discovery network and object representation networks
for discovering object(s) and learning representations, respectively. Object discovery

network takes the spanning view, which is the smallest crop of the image that spans



14

the augmented views taken by the object representation networks and produces feature
maps and spatially clusters them with k-means to segment image into k non-overlapping
binary masks. Since the spanning view spans the other two views, a mapping from the
object discovery network to the object representation networks is performed on the
segmentation masks, and mask-pooled representations of these two views are computed
through this mapping. Object representation networks consist of an online network and
a target network. A contrastive loss between the outcome of these two networks was
calculated and the online networks” parameters were updated using gradient over the
loss and the target network’s and the object discovery network’s parameters as the

exponential moving average of the online network with different learning rates.

Wen et al. [40] employed prototypical clustering similar to [35] and [38], but oper-
ated at the pixel-level to learn object-level representations using learnable prototypes,
or “slots”. They followed a two-step procedure: semantic grouping and representation
learning. Semantic grouping was achieved by assigning each pixel to a cluster with
respect to the slots and representation learning was accomplished by enforcing consis-
tency at both object- and image-level. Object-level consistency was realized by contrast-
ing slots and image-level consistency by contrasting groups shared by two views rather
than views directly. These groups’ representations were obtained through an inverse
augmentation process. Meanwhile, pre-training was realized on scene-centric datasets
COCO and COCO+ [41] besides ImageNet [2] which is an object-centric dataset to

explore the full-potential of self-supervised learning.

2.6. Information Theory-based Methods

Information theory-based methods exploit informative statistics such as entropy,
cross-entropy, cross-correlation (cross-covariance), invariance, variance, and covariance
and introduce new loss functions to learn representations without requiring specific
designs such as asymmetric network, stop-gradient operation, or momentum encoder

to avoid the collapsed solution.
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Zbontar et al. [42] proposed a loss function that aims to have a cross-correlation
matrix of the positive pairs embeddings close to the identity matrix. This prevents
redundancy between features in order to avoid collapsed solutions, while ensuring that

positive pairs are similar to each other.

Wang et al. [43] introduced TWIST loss function that ensures consistent repre-
sentations between positive-pairs, and sharp and diverse representations over feature
dimensions, which addresses each of these properties in itself. To satisfy these proper-
ties, TWIST loss minimizes the KL-divergence between positive pairs for consistency,
and the sum of the entropy of each embedding along the batch dimension for sharpness

and maximize the entropy of the sum of embeddings.

Bardes et al. [44] came up with another loss function that comprises three terms:
invariance, variance, and covariance. Invariance is calculated as mean-squared error
between embeddings and thus procures positive pairs to be invariant. Variance is cal-
culated as a hinge loss of standard deviation of embeddings along the batch dimension
and hence forces each embedding to be variant. Covariance is calculated as the sum of
the squared off-diagonal coefficients of the covariance matrix and so encourages each
feature dimension to be uncorrelated to each other. In the subsequent study, Bardes
et al. [45] adapted this loss function to the pixel-level by calculating each loss at the

pixel-level along with the image-level.

2.7. Graph-partitioning-based Methods

Assuming the existence of at least one object in an image, graph-partitioning
methods aim to localize the seeds where the salient (foreground) object is located.
To that end, each method draws on the attention maps of DINO in the last layer
based on the observation that DINO’s attention maps, associated with the class token
([CLS)), in the last layer, give hints on the salient foreground regions in an image and
provides a suitable environment for unsupervised object discovery (object localization)
and subsequent detection and segmentation by displaying images as graphs where nodes

are patches of images and edges are connections (similarities) between patches.
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In this respect, Simeoni et al. [46] primarily constructed a binary similarity graph
between patches, where an edge exists if the dot product similarity of two patches’
feature maps (key tokens of the patches in the last layer) is positive. To localize the
foreground object, they selected the initial seed - the patch with the lowest degree in the
graph - based on the assumption that the foreground object spans a smaller area than
the background, then expanded the seed selection by selecting another k patches with
the lowest degree and keeping the ones having positive similarity with the initial seed,
based on the assumption of high intra-similarity (between foreground-foreground and
background-background) and low inter-similarity (between foreground-background).
Finally, The localized foreground objects were used for class-agnostic and class-aware

detection.

Wang et al. [47] constructed a binary (epsilon or one) similarity graph, or feature
affinity matrix, based on the cosine similarity of the feature maps of the patches (key
tokens) in the last layer. Spectral decomposition with standard normalized cut was
then applied to obtain the eigenvectors of the feature affinity matrix. To detect the
salient (foreground) object, which is assumed to be less connected to the entire graph
than the background, the Fiedler eigenvector was selected and a threshold at the mean
was applied to bisect the graph. The largest connected component covering the patch
corresponding to the maximum absolute value of the Fiedler eigenvector was identified
as the foreground (salient) object, since the absolute values indicate the likelihood of

there being an object in the patches.

Melas-Kyriazi et al. [48] constructed a similarity graph (feature affinity matrix) by
combining color and semantic consistency between patches. The former was obtained
from the image itself and the latter from the last attention layer of DINO. Then,
spectral decomposition with the standard normalized cut over the graph was employed
to obtain eigenvectors of the feature affinity matrix. Thus, to localize the foreground
object, the Fiedler eigenvector was selected similar to [47], and threshold at zero was
performed on this eigenvector to bisect the graph. In this bisection, after keeping the
largest connected components in both sections, the smaller section among the two was

assumed to be the foreground object. Besides, to segment the image, first eigenvectors
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were clustered, then the pixels of the image were updated according to the clustering
assignments in the previous step, and finally, the entire dataset was fed to the DINO

model and the output feature maps were clustered across the dataset.

In contrast to their peers, Van et al. [49] used two different affinity graphs: an
objectness graph and a similarity adjacency graph. The objectness graph’s edges were
constructed according to the dot product similarity of the CLS token and keys of
each patch. Apart from these objectness scores, the patch (node) with the highest
score was selected as the initial seed, in other words source path, and the seed was
expanded with another k-patch with the highest score. Then, class-agnostic masks
were generated such that seeds and patches with positive dot-product similarity with
seeds are 1 (foreground) and the rest are 0 (background), and a binary segmentation
model was trained on these masks. For class-aware mask generation, k-means clustering
was performed on the CLS tokens of the patches that are foreground in the images,
so that k-class masks were obtained and a Mask R-CNN model was trained on these

masks.

Wang et al. [50] expanded upon prior research [47] to advance graph-partitioning
techniques. They constructed a similarity graph and dissected it using the normalized
cut method, bisection was based on the Fiedler eigenvector’s mean value. To identify the
foreground object in the bisected graph, two criteria were used: the foreground must
contain the patch with the maximum absolute Fiedler eigenvector value and should
have less than two corners. If these conditions aren’t met, the bisection is reversed.
They also introduced an iterative process to find multiple objects, where patches with
detected objects are disconnected from the graph in each iteration. This approach

enhances the technique’s ability to identify and isolate multiple objects.

2.8. Masked Image Modeling (MIM)-based Methods

MIM-based generative methods consist of two main parts: an encoder and a
decoder. The encoder compresses the input and obtains a representation in the latent

space, while the decoder aims to reconstruct the original input from the representation.
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Early studies harnessed convolutional neural networks (CNN). Pathak et al. [51]
whitened a region of pixels in images and regenerated it by inpainting based on the
context of non-whitened pixels. In another study, Vincent et al. [52] added noise to the

images and reconstructed the noiseless images.

With the rise of Transformers [53] and Masked Language Modelling (MLM) in
NLP (e.g., GPT [3], BERT [4]) recent works drewed upon ViTs [32] for MIM.

Chen et al. [54] proposed two ways of designing MIM with Transformer architec-
ture: predicting the next pixel from the previous ones in an auto-regressive fashion as
in [3] and the masked pixels from the unmasked ones as in [4]. Zhou et al. articulated
MIM as distillation problem by predicting the output of the teacher network from the
student network which takes masked images as input. Besides unlike [54] they operated

at the patch level, thus reduced the emerging computational complexity.

Li et al. [55] and He et al. [56] disputed different masking strategies. Li et al. [55]
performed masking depending on the attention of patches and masked images without
losing essential patches to be able to reconstruct them. On the other hand, He et al. [56]
followed a simpler approach and masked patches randomly as [54]. Yet, they hypothe-
sised that words in languages cover highly semantic information by themselves unlike
pixels or patches in images which can be inferred from neighbor pixels or patches (i.e.,

heavy spatial redundancy in images). Consequently, they masked out a high portion of

patches (75%).
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3. METHODOLOGY

In this chapter, we will first describe our baseline models in detail and examine
their components and functionality. We will then also discuss the changes we have
made to improve our proposed models, along with the reasons why. By analyzing
both the base models and our proposed models, we aim to provide a comprehensive

understanding of the changes our models offer.

3.1. Baselines

We have used four methods as baselines: DenseCL, PixContrast, CO2, and ReSSL.
Some of these methods have been chosen because they work at the pixel-level and some
have only been tested at the image-level. Our main objective was to enhance and refine
these methods, taking into account their strengths and weaknesses, in order to achieve
even better performance and accuracy in visual representation learning at the pixel-

level.

3.1.1. Dense Contrastive Learning (DenseCL)

As mentioned above, DenseCL performs contrastive learning at the pixel-level
along with the image-level. At the image-level, DenseCL follows MoCov2 [9] and con-
sists of an backbone and a (global) projection head. To extend this approach to the
pixel-level representation learning, a dense projection head is introduced in parallel
to the global projection head (see Figure 3.1). The backbone is the model transferred
to solve downstream tasks and produces spatial features of size HxW to preserve the
pixel-level information. The global projection head provides representation learning at
the image level and the dense projection head provides representation learning at the

dense-level, i.e. pixel-level. Both heads share a single backbone.
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Figure 3.1. Illustration of DenseCL’s parallel global and dense level representation

learning branches seperately.

The global projection head is identical to the projection head in [9], which is a
two-layer MLP with Rectified Linear Unit (ReLU) activation. On the other head, the
dense projection head is a two-layer CNN with ReLLU activation. The MLP layers in
the global projection head are replaced with 1x1 convolutions in the dense projection

head.

DenseCL adopts ResNet50 as the backbone. It operates on 224x224 images and
produces 7x7 spatial feature maps. Since the global projection head works at the image-
level, it primarily employs global pooling on these 7x7 feature maps to have a single,
global feature vector for each image. On the other hand, the dense projection head
works at the pixel-level. Therefore it does not employ any pooling and operates on the

spatial feature maps.

Moreover, DenseCL uses the same data augmentations as in MoCov2. It first
applies 224 x 224-pixel random resize cropping, then performs random color jitter-
ing, random gray-scale conversion and gaussian blurring and finally employs random

horizontal flip.

For the image-level contrastive learning, two augmented views of the same image,
query and key, are regarded as positive-pairs. For the pixel-level contrastive learning, it

is not as direct as the image-level since there are 49 (7x7) feature vectors generated by
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each view. DenseCL matches pixels as positive-pairs according to their cosine similarity.
Each pixel in the query is matched with the pixel in the corresponding key that has

the highest cosine similarity to it.

Besides the queue in MoCov2, DenseCL stores another First-In-First-Out (FIFO)
style dynamic queue. The length of both queue are set to 65536. The first queue is used
to keep global features, while the second queue is used to keep dense features. The first
queue is updated with the output of the global projection head, while the second queue
is updated with the globally pooled features of the dense projection head’s output. The
feature vectors stored in the first and second queues are used as negative samples for

the image-level and the pixel-level contrastive learning, respectively.

DenseCL applies the InfoNCE contrastive loss for both the image and pixel levels
to pull positive-pairs closer while pushing negative-pairs away with a temperature value

of 0.2. In overall, DenseCL equally weighs these two losses.

What distinguishes DenseCL from other pixel-level contrastive learning methods
in general is that it has been pre-trained on both ImageNet and COCO datasets. This
may seem like a simple distinction, but it is not. While it is reasonable to pre-train
the image-level contrastive learning methods only on ImageNet, which is an object-
centric dataset, it is crucial to pre-train and evaluate the pixel-level contrastive learning

approaches on scene-centric datasets such as COCO to observe their performance.

3.1.2. Pixel-Level Contrastive Learning (PixContrast)

PixContrast, like DenseCL, carries out contrastive learning not only at the image-
level but also at the pixel-level. This approach of learning at two different levels si-
multaneously enhances the model’s capability to understand and interpret the image
more accurately. When it comes to the architecture, PixContrast and DenseCL share
a striking similarity. Both the models are composed of the same three key compo-
nents: a backbone (ResNet50), a global projection head (two-layer MLP), and a dense
projection head (two-layer CNN).
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The only important difference between them is the pixel matching strategy.
DenseCL does not take into account the distance of pixels from each other. In other
words, the position of the pixels does not matter when matching them. The only cri-

terion considered is the similarity of the pixels to each other.

On the other hand, PixContrast matches pixels as positive pairs based on their
distance to each other. For this, the positional information of the augmented views is
needed. This is achieved by returning the x, y coordinates of the top left corner of the
view and the width and height of the view according to the crop and horizontal flip

that occurs during data augmentation. These values are normalized between 0 and 1.

The distances of the points inside the intersection of keys and queues coming
from the same instance are found, these distances are normalized by dividing them by
the length of the diagonal of a square of the feature vector, and finally the points with
distances below a threshold are matched as positive pairs. Based on these matchings,
the contrastive loss is minimized, with equal weighting at the image level and pixel

level.
3.1.3. Consistent Contrast (CO2)

Aiming to alleviate the false negative pairing problem in contrastive learning,
CO2 introduces a consistency loss. Contrastive learning uses one-hot labelling and is
not concerned with the similarity of negative pairs to each other. For this reason, CO2
computes two separate probability distributions based on the similarity of the query
and the key to negative pairs. The similarity between the query ¢ and the negatives n;
(i € {1,...,K}) is defined as
 explgmi/7)
X exp(g /)

and the similarity between the positive pair p of the query ¢ and the negatives n; is

(3.1)

i

formulated as
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exp(p.n;/T
o exp(pn/r)

~ YK exppng/r)’ (3.2)

where 7 is the temperature to control the sharpness of the distributions. Consistency

loss is defined as the symmetric KL-divergence loss of these distributions:

1 1
Lcon = §DKL(qu) + iDKL(qu)a (33)

and the overall loss becomes:

L= LInfoNCE + aLcorU (34)

where « is the coefficient used to combine the losses.
3.1.4. Relational Self-supervised Learning (ReSSL)

Most SSL methods do not deal with relationships between instances. For exam-
ple, distillation only considers positive pairs. On the other hand, contrastive learning
represents only binary relations: views are either positive pairs or negative pairs. Clus-
tering assigns a single label to each instance. However, these labels do not describe
the similarity relationship between instances. This is another manifestation of the false

negative pairing problem mentioned earlier.

ReSSL therefore introduces a relational self-supervised framework where no direct
comparison, prediction or clustering over embeddings takes place. In this framework,
relationships are not depicted with binary labels. Instead, relations are represented in

terms of the similarity of embeddings (see Figure 3.2).

Architecturally, ReSSL adopts the teacher-student framework consisting of back-
bone and projection head networks. These networks share the same architecture, except
that the student’s parameters are updated by backpropagation, while the teacher’s pa-
rameters are updated as an exponential moving average of the student’s. It also keeps
a queue where previous embeddings are stored, similar to MoCov2. However, the em-
beddings stored in this queue are not seen as negative-pairs. They are used to model

the relationships between instances.
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Figure 3.2. Overview of ReSSL’s relational framework.

Unlike common practice, ReSSL initially augments the instances twice with two
different augmentations, weak and strong (contrastive). The weak augmentation set
consists only of random resize cropping and random horizontal flipping. It does not
contain any color distortion or blurring. The reason behind this choice is not to move
the key view too far away from the original image and thus keep the output of the
teacher network more stable. The contrastive augmentation set consists of all the aug-
mentations used in MoCov2. The use of extra augmentations in the student branch is

to provide the augmentation-invariant property.

Table 3.1. Weak and strong augmentation sets.

Weak | Strong
Crop v v
Horizontal Flip v

Color jitter

Grayscale

SNEENIENIEN

Gaussian Blur

The weakly augmented view (key) is fed to the teacher network, while the strongly
augmented view (query) is fed to the student network. Thus, two embeddings are
obtained from the same instance. Then, ReSSL calculates relationship distributions
of embeddings of the key and the query with the embeddings stored in the queue

applying softmax with temperature over their dot-product similarity. The relationship
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of the query ¢ and the key p with the ith negative in the queue is formulated in the
Equations (3.1) and (3.2), respectively.

In addition to using weaker augmentation, a lower value of temperature was
chosen in the calculation of key’s relation distribution compared to the query’s. Using

a lower temperature for the teacher network provides a sharper distribution as a target.

Since the relation distributions between embeddings are used instead of embed-
dings, the objective becomes maximizing consistency between the relation distribution

of positive pairs. For this reason, KL-divergence loss is minimized, which is defined as
Drr(p*|[p) = H(p",p") — H(p"), (3.5)

where H () is the entropy. Since p* is the target and the gradients only flow backwards
in the student branch, symmetric KL-divergence is not preferred, H(p*) is not taken

into account and H (p¥, p?) is just minimized.

3.2. Proposed Methods

We propose three models for learning pixel-level visual representation. The first
two of these models try to improve performance by applying pixel-level contrastive
learning, while the last one adapts the relational SSL framework implemented at the

image-level to the pixel-level.

3.2.1. DenseCL + Consistency

As mentioned above, DenseCL has performed contrastive learning at the pixel-
level. However, it did not provide a solution to the negative pairing problem either at the
image-level or at the pixel-level. Therefore, in our first proposal, we tackle this problem
and we regularize the contrastive loss both at the image-level and at the pixel-level with
the consistency loss introduced in CO2. CO2 employs consistency regularization at the
image-level, while our proposed model DenseCL + Consistency also performs it at the

pixel level.
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DenseCL + Consistency consists of a backbone, a global projection head, and
a dense projection head. It also keeps a queue for negative samples. We augment the
images twice to get query and key views. To process them, we follow the teacher-
student structure and feed query into the student’s backbone model and key into the
teacher’s backbone model to obtain representations of these views. After that, these
representations are passed through two parallel projection heads, the global and dense
projection heads, to obtain their global and dense embeddings. We follow DenseCL
and use a two-layer MLP as the global projection head and a two-layer CNN for the

dense projection head.

These embeddings are brought closer together at both image and pixel level, while
they are moved away from the embeddings stored in the queue with the contrastive loss
(2.1). We also compute the similarity distributions of these embeddings in relation to
the negative samples according to the Equations (3.1) and (3.2), and similarize these
distributions with symmetric KL-divergence loss (3.3) at both image and pixel level.

The overall loss, therefore, is formulated as

L = A(LlnfoNCE + aLcon)image + (]- - /\)(LlnfoNCE + OZLcon)piacelu (36)

where A is the coefficient to balance the image-level and pixel-level losses and « is
the coefficient to balance the contrastive and consistency losses. After the loss calcu-
lation, the student’s parameters are updated by backpropagation, while the teacher’s

parameters are updated as an exponential moving average of the student’s.

3.3. DenseCL + PixContrast

In our second proposal, we aim to observe the performance impact of combining
two separate matching strategies at dense-level. The previously mentioned DenseCL
and PixContrast approaches follow two separate matching strategies at the pixel level.
DenseCL’s similarity-based matching strategy is not optimal due to both the weakness
of the model’s matching in the first epochs and the noise caused by the large number of
background pixels. On the other hand, since PixContrast only matches spatially close

pixels, it ignores the existence of semantically similar but spatially distant pixels. We
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therefore combine these two matching strategies, similarity-based and distance-based

matching.

Our model follows the same architecture with DenseCL. The only difference be-
tween them is in the matching strategy, which manifests itself in the overall loss func-
tion. Taking into account the distance-based matching at the pixel level, we add another

contrastive loss term. As a result, the overall loss is defined as
L=XMNL;+ (1 —X)(AoLdense + (1 — Xa) Lypiz), (3.7)

where L, is the image-level contrastive loss, Lgense and Ly, are the pixel-level con-
trastive loss based on similarity-based and distance-based matching strategies, respec-
tively, A; is the coefficient to proportion the image-level and pixel-level losses, and
Ay is the coefficient to proportion the contrastive loss based on similarity-based and

distance-based matching strategies.

3.4. Dense Relational Self-supervised Learning

As our third proposal, we extend ReSSL to the pixel level. ReSSL only deals with
the relationship between views at the image-level. We adapt this idea to the pixel-
level by adding the second projection head used in the pixel-level models, the dense
projection head. Despite its simplicity, this addition does not introduce much memory

or temporal complexity.

As in ReSSL, we follow the teacher-student structure. We apply two separate
augmentations to the images, one weak and one strong, and generate the key and query
views, respectively. These views first pass through the backbone and then through the
global projection head and dense projection head in parallel. Thus, we get two separate
feature maps for each view, one at the image-level and one at the pixel-level. At the
image-level this corresponds to a single-dimensional feature, while at the pixel-level

this corresponds to H¥W dimensional spatial features.
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Adapting the relational framework to the pixel-level does not only require the
addition of a dense projection head. This only allows spatial features to be obtained.
However, a matching between these spatial features is necessary. For this we follow
DenseCL and perform matching based on similarities. We also keep a second queue at

the pixel-level to calculate the relation distributions.

We compute the relation distributions with non-parametric softmax. Then, we
calculate the entropy loss between student and teacher branches with the relation
distributions from the teacher branch as the target, as in ReSSL. As a result, the total

loss is the combination of the image-level and pixel-level entropies.
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4. EXPERIMENTS AND RESULTS

In this chapter, we first describe the datasets used during the pre-training and
evaluation of the proposed models. Then, we will present the metrics used for perfor-
mance evaluation and the configurations defined for the pre-training and evaluation
phases. Finally, we will discuss the results of the models quantitatively and qualita-

tively.

4.1. Datasets

Since we aim to learn semantically-rich dense visual representation during the
pre-training and evaluation of the models, we use COCO and Pascal VOC datasets

prepared for dense prediction tasks.

4.1.1. MS COCO

COCO is a large-scale scene-centric dataset. It is designed to train models for
object detection, segmentation, keypoint detection and captioning. Therefore, unlike
object-centric datasets, there are often multiple objects in the same image. In COCO,
80 object categories are labeled. We are using the 2017 version of the dataset, first
published in 2014. In this version, the training, validation and testing sections contain
118K, 5K and 41K images, respectively. The training-validation set of 123K images
contains a total of 896K labeled objects, corresponding to an average of 7.3 objects per
image. We use this dataset for both pre-training and evaluation in the object detection

and instance segmentation tasks by fine-tuning our pre-trained models.

4.1.2. Pascal VOC

Pascal VOC is another scene-centric dataset. It is designed to train object de-
tection, semantic segmentation, and classification models. Compared to the COCO

dataset, it is a smaller dataset both in terms of data size and number of object cat-
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egories labeled. In total, 20 object categories are defined. The training set consists of
1,464 images and the validation set consists of 1,449 images. The test set is private.
We use this dataset for evaluation of our pre-trained models in the object detection

task by fine-tuning.

4.2. Evaluation Metrics

We follow the standard average precision (AP), AP50, and AP75 metrics for
evaluating our models in the object detection and instance segmentation tasks. IoU
(Intersection over Union), which is the ratio of the intersection of the prediction and
the ground-truth to their union is a commonly used measure of image detection and
segmentation tasks. If the IoU is over a threshold, the detection is deemed to be suc-
cessful. Different thresholds may be used for different tasks. AP (or mAP) is the mean
of the average precision values at 10 IoU thresholds with increments of 0.05 from 0.50
to 0.95. AP50 and APT75 are the average precision values over all object categories at

0.50 and 0.75 IoU thresholds, respectively.

Precision and recall are two measures used to measure the performance of retrieval
tasks. Precision (P) is the ratio of correct predictions to the total number of predictions
and the recall (R) is the number of correct predictions divided by the number of ground-
truth objects. Defined formally, P = TP/(TP+ FP) and R=TP/(TP+ FN), where
TP is the number of correctly predicted objects, F'P is the number of incorrectly
predicted objects and F'N is the number of unpredicted objects. Since there is a trade-
off between precision and recall in retrieval tasks, a precision-recall curve is used for

evaluations.

Object-detection and instance segmentation models make their predictions with
a confidence score in order to use them in real-world applications. The precision-recall
curve is generated based on the IoU threshold and the confidence values of the model’s
predictions. The AP at the specified IoU threshold is the area under this precision-recall
curve (AUC).
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In order to draw the precision-recall curve, the first step is to sort the predictions
from high to low according to their confidence values. For a prediction to be true,
the ToU value must be higher than the threshold. This is necessary but not sufficient
by itself. If there are multiple predictions for the same object, only the one with the
highest ToU value is considered true. Otherwise, predictions with other conditions are
considered false. After this correction, the precision and recall values are updated and

the precision-recall curve is drawn according to these values.

4.3. Pre-training Setup

For COCO pre-training including both baseline and our models, we closely fol-
lowed DenseCL and used the same hyper-parameters. Unless otherwise stated, we used
stochastic gradient descent (SGD) as the optimizer with an initial learning rate of 0.03,
weight decay of 0.0001 and momentum of 0.9. We run the pre-training on a 4-GPU
server for 800 epochs, with 64 samples per GPU, for a total mini-batch size of 256.

Our proposed models consist of a backbone, a global projection head and a dense
projection head. Among the pixel-level ReSSL models, the model that solely considers
relations at the pixel-level consists of a backbone and a dense projection head. We
adopted ResNet-50 as the backbone, two-layer MLP as the global projection head, and
two-layer CNN as the dense projection head. We specified 2048 and 128 as the feature
dimension of the projection heads. After pre-training, we only use the student branch’s

backbone for downstream tasks.

In terms of data augmentation, we use several techniques such as random re-
size cropping, color jittering, grayscaling, gaussian blurring, and horizontal flipping,
applicable to all models except pixel-level ReSSL models. For these, we use random
resize cropping, horizontal flipping, and normalization, known as 'weak augmentation’
in ReSSL. The temperature value in all softmax computations is 0.04, but it’s adjusted

to 0.1 for ReSSL-based student models.
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4.4. Evaluation Setup

For evaluation, we fine-tuned our models on COCO and Pascal VOC and mea-
sured their performance on COCO object detection, COCO instance segmentation, and
VOC object detection. When evaluating on Pascal VOC object detection, we fine-tuned
a Faster R-CNN [57] on the VOC trainval07+12 for 24k iterations with initial learning
rate of 0.02 and tested on the VOC test2007 set. We used the output of the fourth layer
of the ResNet backbone (C4-backbone). When evaluation on COCO object detection
and instance segmentation, we fine-tuned a Mask R-CNN [58] detector on the COCO
train2017 split for 90k iterations with initial learning rate of 0.02 and evaluated on
the COCO val2017 split. We used the output of the first four layers of the ResNet
backbone as Feature Pyramid Network (FPN) [59].

4.5. Quantitative Results

In this section we will discuss the main quantitative results on COCO detec-
tion, COCO instance segmentation, and VOC object detection with ablation studies

to determine some hyper-parameters.

4.5.1. Main Results

For the task of object detection within Pascal VOC (see Table 4.1), the application
of consistency regularization notably enhances the AP50 metric by 4+0.2. By combining
both similarity-based and distance-based matching strategies, our suggested technique
exceeds PixContrast’s performance, although it slightly trails behind the DenseCL
method. The relational framework (ReSSL) doesn’t perform as well when pre-trained
on the COCO dataset. Yet, extending this framework to not only the image level but
also the pixel level, as we suggest, considerably boosts performance (4+29.3 AP, +32
AP50, and 4+27.7 AP75). Furthermore, when comparing the performance levels, it turns
out that, contrary to the general trend, ReSSL (CC) outperforms ReSSL (IN) when

operating at the pixel level.
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Consistency regularization improves performance in COCQO’s object detection
and instance segmentation tasks, as shown in Table 4.2 (+0.3 AP, +0.5 AP50, and
+0.1 AP75). The combined approach of DenseCL + PixContrast outperforms both
individual methods in these tasks. Adapting the relational framework to pixel-level also
improves performance over the image-level approach. Furthermore, pixel-level ReSSL

surpasses both DenseCL and PixContrast without requiring negative pairs.

Table 4.1. Object detection results on Pascal VOC. ‘CC’ and ‘IN’ indicate the

T3

pre-training models trained on COCO and ImageNet, respectively. ‘“*” stands for

re-implementation based on the official code or the paper if no official code is

available.

Pre-train AP | AP50 | AP75
DenseCL (IN) 58.7 | 82.8 65.2
PixContrast (IN) 58.1 | 824 64.5
DenseCL (CC) 56.7 | 81.7 63.0
PixContrast (CC*) 56 | 81.7 62.5
ReSSL (CC¥) 2.7 | 49.6 | 24.3
DenseCL + Consistency (CC) | 56.3 | 81.9 62.2
DenseCL + PixContrast (CC) | 56.5 | 81.4 62.7
Pixel-Level ReSSL (CC) 56.0 | 81.6 62.0

The results can also be evaluated according to the dataset used for pre-training.
Pre-training on ImageNet consistently outperforms COCO for contrastive learning.
The reasons behind this difference are related to the nature of the datasets and the

pre-training configurations:

e ImageNet is larger than COCO, with ~ 118 thousand and ~ 1.28 million images,
respectively,
e the pre-training in ImageNet is longer than in COCO, ~ 368 thousand and 1

million iterations respectively, and,
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e ImageNet is more suitable for image-level contrastive learning than COCO. Since
ImageNet is an object-centric dataset, data augmentations are more likely to
result in two views with similar semantics than COCO. Since the images in COCO
contain multiple objects from different classes, it is not guaranteed that the views
resulting from the data augmentations are semantically positive-pair at the image-

level.

Table 4.2. Object detection and instance segmentation results on COCO. ‘CC’ and
‘IN” indicate the pre-training models trained on COCO and ImageNet, respectively.
ko

stands for re-implementation based on the official code or the paper if no official

code is available.

Object Detection Instance Segmentation
Pre-train

AP | AP50 | AP75 | AP | AP50 | AP75

DenseCL (IN) 40.3 | 59.9 44.3 | 36.4 | 57.0 39.2
PixContrast (IN) 38.8 - - - - -

DenseCL (CC) 39.6 | 59.3 43.3 | 35.6 | 56.5 38.4
PixContrast (CC*) 39.2 | 59.1 42.8 | 35.3 | 56.2 37.9
ReSSL (CCY) 20.0 | 46.3 | 312 |268| 435 | 282
DenseCL + Consistency (CC) | 39.9 | 59.8 43.7 | 36.0 | 57.0 38.5
DenseCL + PixContrast (CC) | 39.9 | 59.5 43.7 | 36.0 | 56.9 38.7
Pixel-Level ReSSL (CC) 39.8 | 59.5 43.6 | 359 | 56.5 38.7

4.5.2. Ablation Study

We examine hyperparameters and configurations in our methods. First, we study
the impact of balance () and temperature (7) hyperparameters, as proposed in [14],
on DenseCL + Consistency performance. Second, we observe DenseCL + PixContrast’s
performance based on single or multiple matching in the PixContrast part. Third, we
explore the pixel-level relational framework design in two ways: considering both pixel

and image-level relations, and considering only pixel-level relations.
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Table 4.3. Ablation study on the impact of  and 7 parameters on the performance of

DenseCL + Consistency.

VOC Detection COCO Detection COCO Segmentation
AP | AP50 | AP75 | AP | AP50 | AP75 | AP | AP50 | AP75
0.3 558 | 81.3 62.2 |39.7| 59.6 43.7 | 359 | 56.7 38.5
004 1 |55.1| 81.5 61.0 |39.7| 59.5 43.4 | 359 | 56.8 38.5
10 | 56.3 | 81.9 62.2 |39.7| 59.8 43.3 | 359 | 56.7 38.6
0.3]56.1| 81.5 62.3 |39.3| 59.0 43.2 | 354 | 56.1 38.0
0.05| 1 |55.1] 815 60.6 |39.9] 59.8 43.7 136.0 | 57.0 38.5
10 | 55.3 | &81.7 61.2 | 27.4| 44.2 29.0 | 25.3| 41.5 24.6

In Table 4.3, we observe that the third configuration gives better performance in
Pascal VOC object detection, while the first configuration gives better performance in

COCO object detection and instance segmentation.

Table 4.4. Ablation study on the effect of single or multiple positive matching by
distance on DenseCL + PixContrast.

VOC Detection COCO Detection COCO Segmentation
AP | AP50 | AP75 | AP | AP50 | AP75 | AP | AP50 | AP75
Single | 56.5 | 814 62.7 |39.8| 59.5 43.6 | 359 | 56.5 38.5
Multiple | 55.9 | 81.4 62.2 | 399 | 59.5 43.7 1 36.0 | 56.9 38.7

Matching

As can be seen in Table 4.4, single matching performs better in Pascal VOC
object detection, while multiple matching performs better in COCO object detection

and COCO instance segmentation.

Table 4.5 shows that for dense visual representation learning, using the image
level in addition to the pixel level significantly improves performance. In other words,
for object detection and instance segmentation tasks, understanding the image at the

global level positively affects the understanding at the local level.
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Table 4.5. Ablation study of the impact of designing ReSSL at pixel-level only or at
both pixel-level and image-level. 'IL’" and 'PL’ indicate image-level and pixel-level,

respectively.

VOC Detection COCO Detection COCO Segmentation
AP | AP50 | AP75 | AP | AP50 | AP75 | AP | AP50 | AP75
v | 43.7 ] 70.2 46.3 | 33.3 | 5H1.3 36.2 | 304 | 48.7 32.6
vV | v | 56.0| 81.6 62.0 | 39.8 | 59.5 43.6 | 35.9| H56.5 38.7

IL | PL

4.5.3. Qualitative Results

In our study, we also undertake comprehensive qualitative analyses, the purpose
of which is to compare and contrast the performance level of our newly proposed
models with those of the existing baseline models. Our initial step in this process
involves assessing whether our proposed models are effective in accurately identifying
the similarities that exist between different images. To meet our goal, we handpicked ten
diverse images from a range of different categories that are included within the COCO
validation set. We then identified the top five most similar images by calculating and

visualizing similarities in the latent space.

The results of this process are clearly depicted in both Figure 4.1 and Figure
4.2. It is evident from these figures that our proposed methods, which we have named
DenseCL + Consistency and DenseCL + PixContrast, and which are both based on
the principles of contrastive learning, are successful in identifying similarities in images

that belong to the same semantic class.

Furthermore, these methods also exhibit an effective ability to differentiate be-
tween various objects (for instance, clocks, people, elephants) and activities (such as
baseball, skiing, and eating), to a significant degree. A comparison of the first and the
last lines reveals that the DenseCL + Consistency approach has a slight advantage over

the DenseCL + PixContrast approach.
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Figure 4.1. Visualization of the 5 most similar images according to DenseCL +
Consistency. The images in the first column are the images whose 5 most similars are

searched.
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Figure 4.2. Visualization of the 5 most similar images according to DenseCL +
PixContrast. The images in the first column are the images whose 5 most similars are

searched.
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Figure 4.3. Visualization of the 5 most similar images according to Pixel-Level
ReSSL. The images in the first column are the ones for which we are seeking the 5

most similar images. The images to their right are those 5 most similar ones.
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In a surprising turn of events, the pixel-level ReSSL model’s performance does
not quite live up to initial expectations, particularly when placed in a qualitative com-
parison with other models. Despite delivering comparable quantitative results on the
COCO dataset, as clearly illustrated in Figure 4.3, this model seems to fall short in
certain areas. A potential problem that might be causing this could be the model’s
seeming inclination to place an over-emphasis on the low-level features in the back-
ground, such as snow or the color white. This issue comes into sharp focus in specific
examples like the airplane and ski images where it’s particularly noticeable. Addition-
ally, the model seems to struggle when tasked with managing broader semantic classes,
as is evident in cases like the bus-train and elephant-zebra images. At its worst, there
are moments when the model seems to fail entirely, as is the case with the banana

example.

In an effort to progress our understanding and improve future model performance,
we carry out an all-encompassing, detailed analysis of the areas within images that our
models primarily concentrate on. By incorporating the use of visual aids, we aim to
deepen our comprehension of the attention maps that are generated by our models.
These visual tools are indispensable in highlighting the areas that the models deem to
be of significance or importance. We achieve this through the application of a gradient-

based visual interpreter, GradCam, as mentioned in [60].

As illustrated qualitatively in Figure 4.4, the attention maps produced by our
proposed models; specifically DenseCL + Consistency and DenseCL + PixContrast,
are rich with valuable information that aids in the segmentation of an image. Broadly
speaking, these models are equipped with the ability to concentrate on object areas in a
way that DenseCL and PixContrast may not be capable of. Conversely, the Pixel-Level
ReSSL model falls short in its qualitative object identification abilities, despite the fact
that it delivers similar quantitative results when juxtaposed with the other models we
proposed, as evidenced in Table 4.1 and Table 4.2. Further inspection of the attention
maps brings to light that Pixel-Level ReSSL has a tendency to focus on the corners of

the images, as opposed to the objects themselves.



DenseCL+ DenseCL+
Consistency PixContrast

DenseCL PixContrast ReSSL

ii

Figure 4.4. Visualization of Attention Maps.

Pixel-Level
ReSSL
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5. CONCLUSION

Self-supervised Visual Representation Learning has gained popularity in recent
years, and models pre-trained in this way have outperformed their supervised coun-
terparts on many tasks (e.g. classification). While SSVRL ostensibly avoids the costly
labeling problem, in practice most models are pre-trained on the well-organized object-
centric ImageNet dataset. Moreover, most of the studies have been performed at the
image level. Therefore, the full potential of this approach has not been reached, espe-

cially at the dense level (or pixel level).

The most prominent methods in the literature in this area are contrastive learning
methods. However, this approach treats different instances as separate classes, inde-
pendent of their semantic content. This problem is called the false negative matching
problem. In addition, when contrastive learning is applied at the dense level, it is an

important question how pixels are matched as positive-pairs.

In this thesis, we perform SSVRL at the dense level and try to provide solutions
to the aforementioned problems. We first attempt to improve the DenseCL and Pix-
Contrast models that perform contrastive learning at the dense level. For this purpose,
we try consistency regularization, which takes into account the similarity between in-
stances and is introduced at the image-level in response to the false-negative pairing
problem, on DenseCL at the dense level. In addition, we realized an approach that
can be considered as a combination of DenseCL and PixContrast, where the matching
strategies of both approaches are applied together. In second step, we adapted the

relational self-supervised learning framework presented in image-level to dense-level.

In our experiments, we did our pre-training on COCO and not on ImageNet.
Since we aim for dense-level representation learning, we performed our evaluations on
Pascal VOC and COCO datasets on object detection and instance segmentation tasks,

which are dense tasks.
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DenseCL + Consistency provides +0.2 AP50 improvement in Pascal VOC object
detection compared to DenseCL. In COCO, this improvement was consistently realized
in object detection (+0.3 AP, +0.5 AP50, and +0.4 AP75) and instance segmentation
(+0.3 AP, +0.5 AP50, and +0.1 AP75) across all metrics. DenseCL + PixContrast
surpassed PixContrast on both datasets. However, it outperformed DenseCL in both
tasks in the COCO dataset. Adapting ReSSL to dense-level also significantly improved

the performance of the relational-framework on both datasets.

Our experiments show that the false negative pairing problem in contrastive learn-
ing is mitigated by taking into account the relationships between instances at the image
level and pixels at the dense level with consistency regularization. On the other hand,
since image-level helps to understand images at the global level and pixel-level helps
to understand groups of pixels at the local level, the combination of the two has a

significant impact on the performance of the relational framework.

We also evaluated the performance of the models both in terms of whether they
were able to capture similarities between images and whether they were able to focus
on the objects in the images. Our proposed DenseCL + Consistency and DenseCL +
PixContrast models not only outperformed DenseCL and PixContrast models quantita-
tively, but also qualitatively. The Pixel-Level ReSSL model shows similar quantitative

results but struggles to capture similarities between images and objects in images.

However, the fact that the models trained with COCO still underperform the
models trained with ImageNet suggests that the methods should be better designed for
scene-centric datasets. For example, after crop data augmentation, the views obtained
in ImageNet are guaranteed to have similar semantic content, whereas this cannot be
guaranteed in COCO. Therefore, the relationships between positive-pairs and negative-
pairs need to be handled more precisely. Although this has been achieved to some
extent in this study with consistency regularization and relation framework, it is open

to further improvement in future studies.
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