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Abstract

Weakly Supervised Semantic Segmentation (WSSS) has gained traction as a cost effec-
tive alternative to fully supervised segmentation, which requires extensive pixel-level
labels. The primary challenge in WSSS is generating accurate segmentation masks
from only image-level labels. While various approaches have made progress, the is-
sue of class co-occurrence, where certain classes frequently appear together within the
same image, remains a significant obstacle. Unlike traditional methods that focus on
separating objects from the background, we address the more challenging problem
of disambiguating co-occurring classes, such as “baseball bat” and “baseball glove” or
“mouse” and “keyboard”.

We empirically demonstrate that class co-occurrence is a critical factor degrading seg-
mentation performance, especially for datasets where co-occurrence is prevalent, such
as MS COCO 2014. In contrast, the PASCAL VOC 2012 dataset, which exhibits less
co-occurrence, shows minimal performance degradation. This discrepancy highlights
that co-occurrence is a dataset-dependent challenge, overlooked in previous studies
focusing primarily on PASCAL VOC 2012.

To address this problem, we propose a novel dual-branch transformer architecture built
upon MCTFormer+, where one branch processes the primary image and the other pro-
cesses an auxiliary image containing a complementary class. The two branches interact
via a new cross-attention mechanism called Cross Image Attention from the Auxiliary
to Primary branch (CIA-AP), which selectively augments the primary image’s attention
maps using information from the auxiliary image. This approach effectively improves
segmentation accuracy for co-occurring classes by enhancing the model’s ability to dis-
tinguish between them.

Furthermore, we introduce CCT Prime, a new contrastive learning module designed to
align class token embeddings between the two branches, ensuring consistent represen-
tations for effective information transfer. This alignment proves essential for enhancing
performance when co-occurring classes are present, while still maintaining competitive
overall performance.

Experiments show substantial improvements for co-occurring classes while maintaining
competitive mean Intersection over Union (mlIoU). Our findings highlight the effective-
ness of leveraging cross-image information to address class co-occurrence, providing a
promising direction for future WSSS research.
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Chapter 1

Introduction

Semantic Segmentation is a task with a wide range of real-world use cases: it is used in
the first stage of many pipelines, including for self-driving cars and extracting regions
of interest in medical imaging. Usually, there are high-quality segmentation masks
available for accurate fully supervised learning. However, the Weakly Supervised vari-
ant has gained popularity as it does not require obtaining pixel-level labels, which is a
time-consuming and expensive process. Various types of supervision have been inves-
tigated, including Scribbles [Lin et al. 2016], Points [Bearman et al. 2016], Bounding
Boxes [Khoreva et al. 2017; Dai et al. 2015], and image-level (classification) labels [Ru
et al. 2023; Xu et al. 2022; Zhou et al. 2022]. The latter is the most popular, due to
the extensive availability of such labels. It is also the form we investigate in this work.
Weakly Supervised Semantic Segmentation has not yet been solved with sufficient qual-
ity to warrant its use in real-world applications, although current performance shows
promise and its potential for cost saving remains appealing.

The general approach to tackling Weakly Supervised Semantic Segmentation (WSSS)
involves training a classifier using image-level labels and subsequently inspecting the
classifier to determine which image features are associated with each class prediction.
This knowledge is then employed to generate dense pixel-level pseudo labels, which are
used to train a dedicated segmentation model for future inference. This methodology
enables inference on new images even in the absence of image-level labels for the new
images. Despite substantial progress, there remains significant room for improvement,
with many works following similar solution trends that focus primarily on single-image
approaches.

A notable challenge in WSSS is the co-occurrence problem, which refers to the phe-
nomenon where certain classes frequently appear alongside specific aspects of an im-
age, such as cars on roads or aeroplanes in the sky. However, unlike most works that
focus on co-occurrence between classes and background features [Lee et al. 2021b; Su
et al. 2021; Lee et al. 2022], we address a more challenging and previously under-
explored form of co-occurrence: where classes from the dataset frequently occur to-
gether in the same image [Yang et al. 2024]. For instance, “baseball bat” and “base-
ball glove” or “mouse” and “keyboard” often co-exist, leading to incorrect associations
between the classes during segmentation. When models are trained without explicit
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separation of such co-occurring classes, there is classification confusion between the
classes, which follows from the model struggling to disambiguate the co-occurring ob-
ject regions, resulting in degraded segmentation performance. Co-occurrence of this
nature has only recently become a prominent research focus. Previous works generally
assumed co-occurrence was problematic and attempted to mitigate its effects without
providing direct evidence of its impact on performance — a discussion of such works is
provided in Section 3.3.

In this work, we go further by systematically quantifying the extent of class co-occurrence
in the PASCAL VOC 2012 [Everingham et al. 2012] and MS COCO 2014 [Lin et al. 2014]
datasets, which can be detected using the image-level labels alone. PASCAL VOC 2012
is the most commonly used dataset in the WSSS space, and we show that it is mini-
mally affected by class co-occurrence. This relative lack of co-occurrence means that
reported performance on PASCAL VOC 2012 largely overlooks the severity of the prob-
lem. In contrast, we demonstrate that on MS COCO 2014, where class co-occurrence is
far more prevalent, segmentation performance drops substantially for affected classes.
This evidence highlights that co-occurrence between classes is indeed a major factor
contributing to degraded segmentation performance, particularly on datasets like MS
COCO 2014 where the issue is more prominent. Addressing this problem is the primary
goal of our research.

Most previous approaches focus on single-image methods that attempt to extract as
much information as possible from the given image. However, there exists a wealth
of information across the entire dataset that can be leveraged to improve segmen-
tation performance for a given image. Regional Semantic Contrast and Aggregation
(RCA) [Zhou et al. 2022] was the first work to utilise information from multiple im-
ages to enhance segmentation by learning a collective embedding for each class over
multiple images. In addition, transformer-based approaches have recently achieved
high-performing [Xu et al. 2024; Yang et al. 2024; Ru et al. 2023; Lin et al. 2023] and
otherwise competitive results [Chen et al. 2023b; Cheng et al. 2023].

We hypothesise that the presence of co-occurring classes makes it challenging for the
model to accurately attend to individual objects associated with those classes within an
image. To address this, our approach leverages attention from an auxiliary image that
does not suffer from the co-occurrence issue — specifically, an image containing only
one of the co-occurring classes (e.g. an image of a mouse without a keyboard). By in-
corporating attention from such an image, the model learns to better disambiguate the
co-occurring classes, allowing it to focus on more relevant object regions. Importantly,
this method relies solely on the image-level labels already available within the WSSS
framework, meaning it introduces no additional requirements or annotations beyond
what is typically provided in existing datasets.

Building on these ideas, we propose a transformer-based approach using a shared-
weight dual-branch transformer architecture building upon the high-performing model
MCTFormer+ [Xu et al. 2024]. In our framework, the image to be segmented is passed
through the primary branch, while an auxiliary image, chosen for its complementary
content, is processed through an auxiliary branch. Information sharing is achieved via
cross-attention mechanisms, which facilitate interaction between the attention mech-
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anisms of each branch. This approach particularly emphasises encouraging improved
attention to predetermined co-occurring pairs of classes. Following extensive investi-
gations into conventional and novel cross attention schemes, we develop Cross Image
Attention from the Auxiliary to Primary branch (CIA-AP), which applies cross-attention
at specific transformer layers to augment certain elements of the Query matrix from the
auxiliary branch into the Query matrix of the primary image. This promotes enhanced
attention to co-occurring classes, thereby improving segmentation accuracy.

Another area of interest in the literature has been the use of contrastive learning to
help class and patch tokens learn more representative embeddings [Xu et al. 2024; Ru
et al. 2023; Yang et al. 2024]. This technique allows the tokens to better encode their
class characteristics and image content. Our base model, MCTFormer+, employs a
specific contrastive learning module called Contrastive Class Tokens (CCT), designed to
induce an orthonormal basis over the multiple class tokens, encouraging them to learn
more distinct representations. However, we show that despite the theoretical basis for
orthonormality, the tokens instead align themselves in broad directional clusters, where
tokens for present classes point in one general direction and those for absent classes
point in a roughly opposite direction. Orthogonality is only observed when the classifier
is uncertain about the existence of classes.

However, while MCTFormer+ employs CCT to promote orthonormality among class
embeddings, strictly orthogonal embeddings are not necessary for the model to per-
form its task. Moreover, the model does not require these embeddings to be consistent
across different images. When we introduce the auxiliary image in our dual-branch
framework to enhance performance on co-occurring classes, it becomes essential to en-
sure consistency between the class embeddings of the primary and auxiliary images.
Without such alignment, the information exchanged through cross attention could be
ineffective or even detrimental. To address this, we introduce an additional contrastive
learning module, CCT Prime, designed to align the class tokens between the primary
and auxiliary branches. By ensuring consistency in the directional alignment of class to-
kens — where the “present” direction is shared between branches — CCT Prime enables
more effective information transfer and mitigates the negative impact of inconsistent
embeddings.

We use the Intersection over Union (IoU) as our primary evaluation metric, along with
the mean IoU (mloU) for overall performance assessment. Unlike previous works that
primarily focus on improving mloU, we also emphasise improving the IoU of specific
co-occurring classes of interest.

The main contributions of this work are as follows:

1. We provide empirical evidence that co-occurrence is a critical factor contributing
to degraded performance in Weakly Supervised Semantic Segmentation, particu-
larly in the MS COCO 2014 dataset.

2. We introduce Cross Image Attention from the Auxiliary to Primary branch (CIA-
AP), a novel cross-attention mechanism that enhances segmentation performance
by augmenting attention to co-occurring classes through a dual-branch trans-
former architecture, built on MCTFormer+.
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3. We propose CCT Prime, a contrastive learning module designed to align class
token embeddings between the primary and auxiliary branches to promote con-
sistent directional alignment.

4. We achieve substantial improvements in segmentation performance for co-occurring
classes while maintaining competitive overall accuracy. Interestingly, the model
seems to balance the substantial accuracy gains for co-occurring classes with a
slight reduction in performance for non-co-occurring classes, resulting in a sim-
ilar mIoU. This trade-off is noteworthy given that the model encounters non-co-
occurring classes more frequently due to their higher prevalence in the datasets.

The remainder of this dissertation is structured as follows: Chapter 2 presents general
WSSS concepts, including technical details of the metrics and post-processing tech-
niques used, with a general discussion about related work in these fields and work
otherwise pertaining to CNN-based approaches. The background and related work for
co-occurrence, cross attention, and contrastive learning are discussed in their respective
chapters, namely, Chapters 3, 4, and 6. Chapter 3 formalises co-occurrence, provides
our quantification of it in the PASCAL VOC 2012 and MS COCO 2014 datasets, and
demonstrates its impact on segmentation performance. Chapter 4 details the proposed
cross-image attention mechanism, CIA-AP, and presents the final results. Chapter 5
presents justification for various design decisions for cross image attention through ab-
lation studies. Chapter 6 investigates the behaviour of the existing CCT module and
presents the additional CCT Prime module, along with its integration with CIA-AP. Fi-
nally, Chapter 7 suggests future research directions and concludes the dissertation.



Chapter 2

Background and Related Work

This chapter provides an overview of the foundational concepts and related work rel-
evant to Weakly Supervised Semantic Segmentation (WSSS). While specific principles
underlying cross attention and contrastive learning are discussed in dedicated chapters
(Section 4.1 and Section 6.1, respectively), this chapter presents general motivation for
commonly employed pipelines and methods within the weakly supervised setting.

The general strategy for WSSS involves generating pixel-level pseudo labels from weak
supervision signals, which are then used to train a segmentation network in a super-
vised manner. While earlier methods predominantly relied on Convolutional Neural
Network (CNN)-based frameworks [Wei et al. 2017; Zhang et al. 2018; Mai et al. 2020],
recent advancements have increasingly adopted Vision Transformers as backbone ar-
chitectures [Xu et al. 2022; Ru et al. 2023; Xu et al. 2024; Yang et al. 2024], achieving
notable improvements in segmentation performance. Transformer-based approaches
are centred around manipulating the attention mechanism to enhance segmentation
quality, and relevant methodologies will be discussed in detail in Section 4.1 and Sec-
tion 6.2.

We begin by outlining the motivation for WSSS and describing the general overview
of approaches used to tackle this challenging problem (Section 2.1). Additionally, we
review standard evaluation metrics used to assess performance in Section 2.2. Further-
more, commonly used post-processing techniques, such as Random Walk and Condi-
tional Random Fields (CRF), are discussed in Section 2.5 to provide insight into how
predictions are refined by encouraging spatial and semantic consistency.

While most transformer-based approaches involve concepts such as class co-occurrence
(Chapter 3), cross attention (Chapter 4), or contrastive learning (Chapter 6), this chap-
ter primarily focuses on methodologies that do not inherently rely on transformers.
However, where relevant, we will revisit certain methods in later chapters to illustrate
how their underlying ideas can be adapted or extended within transformer frameworks.
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Figure 2.1: The general pipeline that is followed when performing weakly supervised
semantic segmentation. Image-level labels are used to train a classifier, CAMs or Atten-
tion Maps are extracted to give an indication of where the model focuses when deciding
about the existence of a class, which are then used to construct pixel-level pseudo labels
for use in training a segmentation model.

2.1 Weakly Supervised Semantic Segmentation

Semantic Segmentation is the task of classifying every individual pixel in an image
[Long et al. 2015]. Depending on the problem being considered, there may be one or
more labels assigned to each pixel. The idea of Weakly Supervised Semantic Segmen-
tation is borne from the fact that in order to train a Semantic Segmentation network,
we will require pixel-level supervision in the form of a segmentation mask, which is
expensive to obtain and may contain inaccuracies due to human error.

However, there exists a multitude of images with image-level labels which have nor-
mally been used for object recognition tasks. As such, we can train the network on the
image classification task, but include extra processing to extract the areas of the image
on which the network focuses when making its decision. For CNN-based approaches,
this involves extracting Class Activation Maps (CAMs) (Section 2.3.1), and extracting
Attention Maps for transformer-based approaches. These representations of where the
model is focusing are used to construct pixel-level pseudo labels that can be used for
training a segmentation model. This process is illustrated in Figure 2.1.

Therefore, the problem can be considered as one of fine-grained object localisation: we
know the object is present, but we don’t know where it is.

2.2 Metrics

The foremost metric used for quantifying the performance of semantic segmentation
models (and weakly supervised variants) is the Intersection over Union, which is pre-
sented in Section 2.2.1.

Section 2.2.2 presents the main classification loss used in our work: Multi-Label Soft
Margin Loss. We additionally use a Cross Entropy Loss for contrastive learning, and
this is presented in Section 6.1.1.



2.2.1 Mean Intersection over Union

In general, the mean Intersection over Union (mloU) is used as the performance mea-
sure for semantic segmentation tasks [Xu et al. 2024; Yang et al. 2024; Ru et al. 2023].
It is calculated by averaging the Intersection over Union (IoU) results for each class.
IoU is calculated as follows:

ToU(A,, B,) = A.N B,  Area of Overlap

= = 2.1
A.U B, Area of Union ’ 2.1

where A, is the predicted class-specific localisation map and B. is the ground-truth
class-specific localisation map for class ¢ of an image. Note that our chosen datasets
(presented in Section 3.2) have both image-level and pixel-level labels available: we
use the image-level labels to provide a learning signal to train our framework, but only
make use of the ground-truth segmentation masks when evaluating the framework’s
performance (i.e. the mIoU).

The class IoU scores are used to calculate the mIoU as follows:
1 o1
mloU(4, B) = ; ToU(A., B.), (2.2)

where A and B are the sets of all predicted and ground truth class-specific localisation
maps, respectively. C' is the number of classes.

We will use the IoU per class to get an idea of the performance improvements we get
and what our failure cases are, and the mIoU as an overall performance measure which
we use to compare against other works.

2.2.2 Multi-Label Soft Margin Loss

The multi-label soft margin loss is used in classification tasks where each instance can
belong to multiple classes simultaneously [Xu et al. 2024]. It is a generalisation of
the binary cross entropy loss, applied independently to each class. The loss function
works by comparing the predicted probabilities for each class with the true binary la-
bels, penalising incorrect predictions more as the difference between them grows. This
is particularly useful for multi-label classification where the classes are not mutually
exclusive.

Mathematically, the multi-label soft margin loss for a single image is:
e
LywsmL = s [yelog(a(9e)) + (1 — ye) log(1 — o (3e))] (2.3)
c=1
where y € {0, 1} is the image label (representing each class), § € R is the class score

prediction (for each class), C' is the number of classes, and ¢ is the sigmoid activation
function which maps scalar values from (—oo, c0) to [0, 1].

We follow Xu et al. [2024] and use the multi-label soft margin loss as our classification
loss, where we predict the existence of classes in images which may contain multiple
different classes.



2.3 CNN-based Approaches

CNNs have been the preferred models for many Computer Vision problems, and were
used to achieve state-of-the-art (at the time) on, and revolutionised the approach to,
many well-known problems, such as image classification [Simonyan and Zisserman
2014; He et al. 2016], object detection [Redmon et al. 2016], semantic segmentation
[Ronneberger et al. 2015], and instance segmentation [He et al. 2017]. Many attempts
have been made to use CNN-based frameworks for WSSS, with some recent approaches
achieving state-of-the-art [Zhou et al. 2022] on PASCAL VOC 2012 [Everingham et al.
2012] (however, they have since been outperformed by transformer-based approaches
like MCTFormer+ [Xu et al. 2024] and SeCo [Yang et al. 2024]).

2.3.1 Class Activation Maps (CAMs)

It is difficult to interpret CNNs, since the learnt features get increasingly abstract when
the network becomes deeper, making it a very nuanced problem. However, for the
classification task (that is the overarching task for our weakly supervised research),
methods, such as CAM [Zhou et al. 2016] and Grad-CAM [Selvaraju et al. 2017], have
been devised to determine where the focus of the network is when it makes a classifi-
cation decision, using the final Global Average Pooling layer. That is, Class Activation
Maps (CAMs) form the basis of CNN-based approaches because it allows us to “see”
where the classifier is focusing within an image when making its decision about the
existence of certain classes.

The feature map produced by a convolutional layer in an image-based classification task
typically has three dimensions: two spatial dimensions corresponding to the height and
width of the feature map, and a third dimension corresponding to the channels. The
number of channels is determined by the number of convolutional kernels applied in
the convolutional layer. In image classification tasks, the final convolutional layer com-
monly outputs a feature map with as many channels as there are classes, where the
intention is that each channel encodes the confidence of the corresponding class being
present at each spatial location. It is important to note that, unless additional supervi-
sion is applied, the spatial locations in the feature map do not necessarily correspond
directly to the original image locations; instead, they form a learned embedding.

Global Average Pooling (GAP) is a parameter-free down-sampling technique used to
reduce the spatial dimensions of a feature map to a single value per channel, thereby
producing a global representation of each channel. Unlike fully connected layers, which
flatten the entire feature map, GAP computes the average of all spatial values (i.e. pix-
els) within each channel, resulting in a single scalar value per channel. This effectively
represents the overall presence of each class within the image, making it particularly
useful for image-level classification tasks. Mathematically, GAP performs for each chan-
nel, c:
H

Ye = H i W Z ZXZ',J',m (2.4)

i=1 j=1
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where y. € R is the class score (which may be further activated), and X is the feature
map of size H x W x C (H is the height, W is the width, and C is the number of
channels or classes).

CAM [Zhou et al. 2016] operates by examining the final feature maps just before GAP
is applied. The weights of the final layer (fully connected layer, or 1 x 1 convolutional
layer in the case of fully-convolutional networks) associated with a particular class, c,
are defined as w. and have size C. Then the CAM for this class is obtained by:

C
CAM,(2,y) = > wex - Fi(x,y), (2.5)
k=1

where w.; is the weight corresponding to channel % for class ¢, and Fy(x,y) is the
feature map’s activation at spatial position (z,y) in channel k. CAM, € R”*W is the
class activation map indicating the importance of each location for predicting class c,
where high values are more strongly associated with that class. These CAMs are then
upsampled to match the original image’s resolution.

Grad-CAM [Selvaraju et al. 2017] is a generalisation of CAM that can be applied to a
wider range of CNN architectures without requiring architectural modifications. Un-
like CAM, which relies on a specific structure involving GAP layers to produce class
activation maps, Grad-CAM operates on any CNN architecture, including those with
fully connected layers. Instead of directly using network weights as in CAM, Grad-CAM
utilises the gradients of the class score (logit) with respect to the feature maps of the
last convolutional layer, which are obtained through backpropagation. These gradients
act as importance weights, highlighting which parts of the feature map contribute most
to the target class prediction. To obtain a single weight per channel, the gradients are
globally averaged over the spatial dimensions. The resulting weights are then multi-
plied with the corresponding channels of the feature map, and the weighted feature
maps are summed to produce a coarse localisation map for the desired class. To en-
sure only the regions that positively contribute to the class prediction are highlighted,
a Rectified Linear Unit (ReLU) function is applied to the resulting map. Finally, similar
to CAMs, the resulting Grad-CAM map can be upsampled to match the original image’s
resolution for visualisation purposes, providing valuable insight into which parts of the
image influenced the model’s decision.

However, Zhang et al. [2018] recognised that CAMs can be inconvenient to obtain, since
they need to be computed in a post-inference manner. They mathematically proved that
class localisation maps (akin to CAMs) can simply be extracted from the last convolu-
tional layer by selecting the class-specific feature maps. This allows them to identify
object regions of interest in a simple manner. However, CAMs still remain popular in
later works.

In general, image classifiers tend to focus on the most discriminative parts of the object
when deciding its class, since those are the regions that make the classification most
certain. Consequently, the corresponding CAMs highlight only these discriminative re-
gions, but fail to localise the entire object and are locally inconsistent.
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Following MCTFormer+ [Xu et al. 2024], our approach directly utilises the normalised
output feature maps from a convolutional layer as the Class Activation Maps (CAMs).
This is made possible by the specific design of this convolutional layer, which maps the
learned patch tokens from the transformer to a feature map with a number of chan-
nels equal to the number of classes. The resulting feature map is then directly used
to predict class scores. This design allows the model to produce CAMs without requir-
ing additional processing steps. A detailed explanation, including the mathematical
formulation, is provided in Section 4.3.4.

2.3.2 Adversarial Erasing

Adversarial Erasing is the concept that was used to address CAMs highlighting only
the most discriminative regions of the objects of interest. Adversarial Erasing aims
to get the model to recognise less discriminative regions by removing (“erasing”) the
most discriminative regions (that it used to perform the classification). It does so by
progressively localising and expanding object regions. This is basically a method of
discovering a more global context for the object (i.e. learning what the object is on a
global scale instead of a local one).

Three major works that introduced and developed the idea of adversarial erasing in a
weakly supervised semantic segmentation setting were Wei et al. [2017], Zhang et al.
[2018], and Mai et al. [2020]. Their methodology is based on the idea that the classifier
needs to learn how to recognise other discriminative regions when its previous markers
have been removed. The final localisation maps are obtained by aggregating the mined
regions.

Wei et al. [2017] were the first to use this concept. They had a classification network
to identify object regions of interest (using CAMs), erased those regions, and retrained
the classifier on the remaining images. To accomplish more complete region mining,
they use an online Prohibitive Segmentation Learning method with auxiliary segmen-
tation supervision. Overall, they had to train three independent networks. Zhang et
al. [2018] improved on the work of Wei et al. [2017] by recognising that training the
three networks is too costly. Instead, they use only two parallel classifiers, trainable in
an end-to-end manner, where the first classifier’s mined region is removed so the second
classifier identifies complementary object regions. Mai et al. [2020] further recognise
that there is a shortcoming in previous Adversarial Erasing approaches: by only taking
the CAMs from a particular layer, previous works are constraining their object region
mining to a particular feature level, when there is exploitable information at the other
feature levels as well. They remedy this by using modules that integrate region mining
and erasing in a single component and applying these modules at multiple levels in the
network.

A major failure case of previous works is that the aggregated CAMs do not conform well
to the boundaries of the objects. Part of this imprecision stems from the Global Average
Pooling layer in the classification networks [Yoon et al. 2022]. This layer averages all
the features, including the irrelevant ones, thus diminishing the efficacy of localisation.
Yoon et al. [2022] introduce a Gated Pyramid Pooling replacement, which is built on
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Gated Convolutions (i.e. partial convolutions, but a learnt mask is used). They build a
feature pyramid at multiple spatial resolutions, which allows coarse and fine details to
be captured.

Finally, Yoon et al. [2022] introduce a Triplet Learning method to prevent the over-
expansion of CAMs beyond an object’s boundaries into other overlapping objects and to
better differentiate foreground and background regions. Given an image (the anchor),
a CAM is found and erased from the image, and the result then becomes the positive
image. A negative image is simply one with no overlapping object classes. The negative
image is generally considered as a background region with respect to the anchor and
positive images. The intuition of attraction between the anchor and positive images is
that it encourages the exploration of less-discriminative regions; repulsion between the
anchor and negative images discourages over-expansion.

2.3.3 Memory Banks

The majority of weakly supervised semantic segmentation work has only ever consid-
ered a single input image at a time. There is valuable information across the entire
training dataset which should be exploited when making decisions about the image
currently being processed.

Zhou et al. [2022] recognise this and are able to take advantage of inter-image contex-
tual information, by utilising a vast memory bank to store object patterns that occurred
during training. They achieved state-of-the-art results which makes this idea signifi-
cant, given that it has only been proposed recently.

Specifically, the memory bank stores embeddings for each class in the dataset. The
work is composed of two major steps: Semantic Contrast and Semantic Aggregation.
Similar to metric learning, Semantic Contrast forces the network to make embeddings
of the same object category similar, but make those of different categories different,
thereby maintaining unique and informative memory embeddings. The memory bank
is large-scale, so Semantic Aggregation compresses the embeddings into a number of
prototypes, which are aggregated to yield more holistic class representations. This final
representation is used to determine the object localisations.

We find this idea of using context from multiple images to make decisions about content
in a single current image appealing. Although we do not use the same memory-bank
technique, the success of their work using multiple images motivates our approach
using context from more than a single image in Chapter 4.

2.4 Saliency Maps

Saliency maps are visual representations used to highlight the most important or infor-
mative regions of an image as perceived by a model. In the context of computer vision,
particularly in tasks such as image classification, object detection, and semantic seg-
mentation, saliency maps help illustrate which parts of an input image contribute most
strongly to a model’s predictions. The concept is rooted in human visual perception,
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where saliency refers to the distinctiveness or prominence of certain areas of a visual
scene that attract attention.

In neural networks, saliency maps are typically generated by computing the gradient
of the model’s output with respect to the input image. This gradient-based approach
produces a heatmap where higher intensity values indicate regions that have a stronger
influence on the model’s prediction. Popular methods for generating saliency maps
include Grad-CAM [Selvaraju et al. 2017], Guided Backpropagation [Springenberg et
al. 2014], and Integrated Gradients [Sundararajan et al. 2017].

For weakly supervised semantic segmentation, saliency maps can play a critical role in
generating pseudo labels. Since only image-level labels are available during training,
saliency maps provide an initial rough estimate of object locations by highlighting areas
relevant to specific class predictions. These maps can then be refined through various
techniques to produce dense pixel-level labels that are used for training segmentation
models. As such, saliency maps form a crucial bridge between image-level supervision
and pixel-level segmentation in weakly supervised learning.

2.5 Post-processing

Many prior works found that post-processing CAMs or Attention Maps from transformer
using Random Walks (Section 2.5.1) and/or CRFs (Section 2.5.2) improved the quality
of the segmentation maps [Ahn and Kwak 2018; Zhou et al. 2022; Yoon et al. 2022; Li
et al. 2023; Xu et al. 2022].

2.5.1 Random Walk

A Random Walk is a probabilistic process in which an object takes a series of steps in
various directions, with each step being determined probabilistically. In the context of
Computer Vision, Random Walks form the basis of algorithms for image segmentation.
The general idea involves starting with a set of labelled pixels, known as seeds, for
which the class labels are known. In a weakly supervised setting, these seeds can be
derived from an initial, incomplete segmentation map. An unlabelled pixel initiates
a Random Walker, and the probability that this Walker reaches each of the seeds is
calculated. The pixel is then assigned the label associated with the most likely seed; if
multiple seeds share the same label, their probabilities are summed to determine the
final assignment.

In practice, the image is represented as a graph where pixels correspond to nodes,
and edges connect adjacent pixels. The weight of each edge is determined by the
similarity or affinity between the connected pixels, which is a critical factor influencing
the Random Walk process.

AffinityNet [Ahn and Kwak 2018] applied Random Walks by generating an initial, in-
complete segmentation map from Class Activation Maps (CAMs) and training a network
to predict pixel affinities — specifically, the similarity between adjacent pixels. These
affinity predictions are then used as edge weights in the graph model for the Random
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Walk. This approach has been adopted by multiple subsequent works [Li et al. 2023;
Chen et al. 2023a] as a refinement technique to improve segmentation quality.

Other methods, such as RCA [Zhou et al. 2022] and MCTFormer+ [Xu et al. 2024],
produce affinities as a by-product of their own broader segmentation processes. While
these approaches do not employ traditional Random Walks, they still leverage pixel
affinities to enhance segmentation maps through other refinement techniques.

MCTFormer+ [Xu et al. 2024], a transformer-based approach, directly utilises attention
maps from the transformer encoder to identify object regions. Our work follows MCT-
Former+’s innovative approach to computing affinities to refine these attention maps.
This involves manipulating parts of the attention matrix to derive a relevance model
that captures the relationship between each image location (i.e. patch) and every other
location, which is discussed further in Section 4.3.4.

2.5.2 Conditional Random Field

A Conditional Random Field (CRF) [Krahenbiihl and Koltun 2011; Liang-Chieh et al.
2015] is a discriminative statistical model commonly used to enhance the spatial con-
sistency and accuracy of pixel-level segmentation predictions. It is particularly effective
at modelling complex dependencies between image features and labels, such as the
relationship between pixels that belong to the same object (e.g. in the predicted seg-
mentation masks). In this context, labels for adjacent pixels are considered dependent,
meaning that information from neighbouring pixels can help inform the label assigned
to a given “central” pixel.

Following prior work [Zhang et al. 2021; Xu et al. 2021 2024], we employ a variant
known as the Fully Connected CRF as a post-processing step to refine the final pre-
dicted segmentation masks. This approach aims to reduce noise in the segmentation
predictions by promoting spatial smoothness and preserving object boundaries. Spa-
tial smoothness encourages neighbouring pixels with similar appearance features (e.g.
colour and texture) to have consistent labels. Additionally, CRFs help maintain sharp
boundaries by effectively identifying and preserving sudden changes in pixel intensi-
ties, such as those occurring at object edges or transitions between foreground objects
and the background.

Mathematically, a fully connected CRF [Krahenbiihl and Koltun 2011] defines an energy
function over the predicted labels, Y, for all pixels:

E(Y) = Z¢u(yz) + ZT/}p(ym Yi), (2.6)

i<j

where 4,5 € {1,2,--- , N} and N is the number of pixels. ¢, (y;) is the Unary Potential,
which measures the likelihood of pixel i having label y; — this is usually taken as
the output from the segmentation model. ,(y;,y;) is the Pairwise Potential, which
encourages pixels ¢ and j to be similar if they are similar in appearance (e.g. colour,
texture, proximity, etc.).
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Following Liang-Chieh et al. [2015], the unary potential is

Yu(yi) = —log P(y:), (2.7)

where P(y;) is the probability of label y; being assigned to pixel i. In most cases, P(y;)
is the output taken directly from the segmentation model, and has often been activated
by a softmax function.

Following Krahenbiihl and Koltun [2011] and [Liang-Chieh et al. 2015], the pairwise
potential is

K
Uo(ir y5) = p(yi, y; Z w™ (m f“ f;), (2.8)
m=1

where (yi,y;) = 1if y; # y;, and 0 otherwise. Each k(™ is a Gaussian kernel, de-
pending on image features (f) extracted for pixels i and j, weighted by the linear
combination weights, w(™. Specifically, the kernels incorporate position and colour

terms:
.2 I. — .12 12
P 71 7 11 NP O /e 1 S
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where the first term depends on pixel position vectors, p, and colour intensity vectors,
I, and the second term only depends on the pixel positions — the first term encour-
ages nearby pixels with similar colour to have the same class label, and the second
term removes small, isolated regions (i.e. erroneous activations). o,, o, and o, are
hyperparameters which control the “scale” of the Gaussian kernels.

The pairwise potentials show that even though “potential” is defined for all pairs of
pixels in an image, if the pixels are far away from each other, then they exert minimal
influence on each other.

2.6 Concepts Discussed in Later Chapters

While this chapter provides a general overview of WSSS methods, several specific con-
cepts and techniques that are central to our work will be discussed in detail in later
chapters. These include:

1. Co-occurrence Concepts (Chapter 3): The phenomenon of class co-occurrence,
where certain classes frequently appear together in images, will be thoroughly
examined. Related work addressing this issue will be discussed in Section 3.3.

2. Cross Attention Concepts (Chapter 4): We will present an in-depth exploration
of Vision Transformers and the self-attention mechanism, including how these
mechanisms can be extended to cross attention. Related work involving cross
attention will be reviewed, and we will detail the process of extracting attention
maps from transformers and refining them using the novel approach introduced
by MCTFormer+ [Xu et al. 2024], which replaces the need for traditional affinity-
based methods.
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3. Contrastive Learning Concepts (Chapter 6): The application of contrastive learn-
ing within our framework will be discussed, including the use of cross entropy loss
as a foundational component.

These concepts are central to our approach and will be revisited throughout the disser-
tation as we introduce our proposed methodologies and their underlying motivations.

2.7 Conclusion

Overall, many approaches struggled with differentiating between the extremities of
overlapping objects (i.e. where one object occludes the other) and robustly identifying
intricate structures, such as the legs of chairs. These failure cases remained a key
factor contributing to the gap between state-of-the-art performance and near-perfect
segmentation.

Recent CNN-based approaches achieved state-of-the-art results by employing two key
principles:

* Metric Learning: Utilising negative samples to more effectively distinguish be-
tween foreground and background regions.

* Cross-image Context: Incorporating information from the entire dataset when
analysing a given image, rather than relying solely on individual images.

It follows that any further research, including ours, would benefit from integrating
these principles.

However, achieving state-of-the-art performance with CNN-based frameworks often
required increasingly complex architectures, involving intricate modules designed to
extract additional information from the data. In contrast, more recent transformer-
based frameworks achieved competitive, and even state-of-the-art, results using simpler
processes, as detailed in Chapter 3 for methods related to co-occurrence, Chapter 4
for those involving cross attention, and Chapter 6 for approaches focused on metric
learning. This advantage was attributed to the transformers’ self-attention mechanism,
which inherently facilitated the modelling of global context within an image. In com-
parison, CNN-based frameworks required exceptionally deep networks to achieve sim-
ilar global coverage due to the limited receptive fields associated with convolutions.

Consequently, we opted to use transformers as our base architecture, particularly fo-
cusing on how they could be leveraged to model cross-image context and related prin-
ciples, as discussed in the following chapters.
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Chapter 3

Class Co-Occurrence

This chapter investigates the existence of class co-occurrence and show that it is a
contributing factor to deteriorated performance for Weakly Supervised Semantic Seg-
mentation (WSSS).

Co-occurrence is the phenomenon where an object category or class commonly occurs
together with some other aspect of an image such as the background. For example, cars
(object) generally occur on roads (background), and aeroplanes (object) are generally
photographed in the sky (background). When it comes to segmenting these objects
from the image, models can struggle to learn where the object boundaries are relative
to their co-occurring background, since strict adherence to these boundaries is not re-
quired nor enforced during the classification training phase. Consequently, there are
misclassified pixels in these regions, degrading the corresponding classes’ IoU scores.

The co-occurrence problem in general has been a more recent area of study [Lee et al.
2022; Yang et al. 2024], with many earlier works focusing on solving issues related to
object coverage and boundary adherence [Ahn and Kwak 2018; Yoon et al. 2022; Xu et
al. 2022; Chen et al. 2023a; Xu et al. 2024], and oversmoothing [He et al. 2023; Ru et
al. 2023].

We consider a variation of this co-occurrence, where the co-occurrence occurs between
classes that exist in the dataset, which has not been directly addressed before (Yang
et al. [2024] briefly mention it, but not as a direct focus of their work), and so is of
particular interest to us and forms a core contribution of this work.

In Section 3.1 we formally define our notion of class co-occurrence, and in Section 3.2,
we introduce and discuss the two main datasets for weakly supervised semantic seg-
mentation, PASCAL VOC 2012 and MS COCO 2014. We discuss and compare other co-
occurrence-related works and their solutions in Section 3.3. In Section 3.4, we quantify
the degree of co-occurrence in our datasets, which is something that prior works fail
to do, and provide empirical evidence that increased levels of class co-occurrence leads
to deteriorated performance for the class pairs involved. To our knowledge, this is the
first work to consider these aspected within the WSSS paradigm.

16



3.1 Definition

Two classes which both occur in a given image are said to co-occur in that image.
Consequently, when we scale this definition to the whole dataset, we need to measure
the frequency with which two classes occur together in images. For example, in a typical
natural scene featuring a computer, it is common to find both a mouse and a keyboard,
as they are standard interface devices for most users. A significant proportion of images
containing a mouse are likely to depict this natural setting — alongside a computer and
keyboard. By analysing such images, we can quantify the extent to which the mouse
and keyboard objects appear together, as well as how often they occur independently of
one another.

Let x; be an image taken from a dataset S and let y; be the set of class labels for image
x;. Given a class pair (A, B) which both exist in dataset S, we formally define the
co-occurrence between classes A and B as follows:

Z {]l}AEymBEyi

Cooccurrence(A, B) = %2 , (3.1)
> {]l}AEyiVBEyi

T, €S

where {1} 4c,. B¢y, is an indicator function taking on 1 when both A and B are in image
z; and 0 otherwise, and {1} 4c,,vBe,, is an indicator function taking on 1 when either A
and B are in image z; and 0 otherwise.

It is worth noting that Cooccurrence(A, B) = Cooccurrence(B, A) due to the commuta-
tive properties of the conjunctive and disjunctive operators.

Cooccurrence(A, B) € [0,1], since it is a ratio of images containing both classes to
images containing only one of them — that is, the numerator is always smaller than or
equal to the denominator. In the extreme cases, when the co-occurrence is 0, this means
that the two classes never appear together — for example, you would not expect to see
mouse alongside shark. When the co-occurrence is 1, this means that the two classes
always appear together — for example, if all instances of mouse are accompanied by
keyboard. Anything between these two extremes quantifies the degree to which the
two classes appear together. For example, if we have 5 and 7 images of mouse and
keyboard appearing without the other, respectively, and 3 images with both of them,
then Cooccurrence(mouse, keyboard) = % = 0.25. This means that 25% of a time,
mouse will occur with a keyboard and vice versa, and 75% of the time, one will appear
without the other.

This definition of class co-occurrence, framed in terms of an Intersection over Union
(IoU), is particularly attractive because it provides a natural and intuitive way to quan-
tify the extent of overlap between two classes across a dataset. By measuring the pro-
portion of images in which both classes are present relative to the total number of
images containing at least one of the classes, this metric effectively captures how fre-
quently the classes tend to appear together. The use of IoU in this context also aligns
well with its widespread adoption as a performance metric in semantic segmentation,
offering a consistent and familiar framework for analysis. Moreover, this approach in-
herently emphasises the co-occurrence of classes in a way that is robust to the total
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number of images in the dataset, allowing for meaningful comparisons between differ-
ent datasets or subsets thereof.

3.2 Data

There are two main benchmark datasets used for the task of Weakly Supervised Seman-
tic Segmentation in the literature: PASCAL VOC 2012 [Everingham et al. 2012] and MS
COCO 2014 [Lin et al. 2014].

3.2.1 PASCAL VOC 2012 Dataset

PASCAL VOC 2012 (VOC) dataset has 20 object classes and one background class,
where object classes have been chosen such that they represent realistic scenes. No-
tably, each image may consist of multiple object classes.

There are 1464 training images, 1449 validation images, and 1456 testing images.
Following prior work [Chang et al. 2020; Xu et al. 2021], the training set will be aug-
mented to 10582 images using the Semantic Boundaries Dataset (SBD) [Hariharan et
al. 2011]. SBD is an extension of PASCAL VOC 2011, with the same class labels as
PSACAL VOC 2012, which originally had pixel-level annotations for the boundaries
of objects. In order to integrate SBD into semantic segmentation datasets, the object
regions defined by the boundaries are “filled in”.

The official PASCAL VOC 2012 evaluation server includes an additional held-out test set
that is not publicly available. As a result, most papers in the field report their results on
the official validation set, effectively using it as a test set. To compensate, researchers
typically create their own validation sets by splitting the available training set. In this
work, we follow the same convention: while our reported results are based on the VOC
validation set, we emphasise that it was used as a test set. To enable model validation
during development, we split the original training set into separate train and validation
sets, consisting of 8465 and 2117 images, respectively (i.e. an 80/20 split).

3.2.2 MS COCO 2014 Dataset

MS COCO 2014 (COCO) dataset has 80 object classes and one background class where
each image may consist of multiple object classes. There are 82783 training images,
40504 validation images, and 40775 testing images.

The core contribution of this dataset is that when object classes appear in the same
image, it is generally because they are semantically linked (hence the name COCO,
which stands for Common Objects in Context). This means that semantically segmenting
this dataset is substantially harder than PASCAL VOC because more intricacies need to
be learnt to differentiate between the linked objects and their boundaries. For example,
in this dataset, mouse and keyboard are considered “in context”, which means that they
are naturally likely to highly co-occur.
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Similarly to VOC, the test set is not publicly available, necessitating the use of the
official validation set as the test set. When necessary, we re-split the training set into
new training and validation sets, with 66226 and 16557 images, respectively (i.e. an
80/20 split).

3.2.2.1 Constructing Ground-Truth Pixel Masks

Whilst the VOC dataset provides pixel-level masks for its images, COCO does not. In-
stead, they provide json-encoded annotations for the images, from which we need to
construct the pixel-level masks. The annotations include metadata about each image,
as well as a description of the contours of the bounding areas for each object in each
image.

The issue is that some of the annotations for an image have overlapping regions, and
there is no extra information provided in the annotations about the depth of each ob-
ject. This means we cannot infer from the annotations themselves which object is meant
to be on top in the different overlapping regions. Figure 3.1, rows (b) and (d), show
the annotations and ambiguous regions for example images, respectively. For these ex-
amples, the pixels for the table and the dishes/cutlery on the table, all overlap. If we
only use the provided annotations from COCO, then the objects could be assigned any
of the labels present in the overlapping region — row (e) shows how by using the naive
method of choosing the highest class index to be present, it results in the table always
being considered on top, occluding the other objects incorrectly.

There is another dataset, COCO-Stuff [Caesar et al. 2018], which is a superset of
MS COCO 2014 in that it adds extra classes to the dataset. MS COCO 2014 has 80
“thing” classes (which are objects with a well-defined shape, like people and furniture).
COCO-Stuff builds on these classes by introducing another 91 “stuff” classes (which are
general regions of the image, mostly including background regions like grass or sky).
However, the attractive part of COCO-Stuff is that they include pixel-level masks, where
both “thing” and “stuff” objects are labelled (example masks are shown in Figure 3.1,
row (c)). These masks were obtained by first partitioning each image into superpixels
and then asking human annotators to assign each superpixel to a class, with the basis
that the superpixels respect object boundaries and only represent a single class. We will
use these masks as a guide for resolving the ambiguities introduced by the MS COCO
2014 annotations, since they provide a stable (and published) baseline for the ground-
truth masks. This is something that most other works overlook: although they do not
mention how they obtain the pixel-level masks, it is likely that they simply resolve am-
biguities by taking the argmax of the class indices available for a pixel (i.e. they choose
the class with the largest index), which may lead to the wrong object being placed on
top, thus incorrectly obscuring other objects. This naive method is shown in Figure 3.1,
row (e).

Specifically, we follow these steps to construct the ground-truth pixel-level masks:

1. Use the provided annotations (from MS COCO 2014) to construct a binary map
of all foreground objects. This is not affected by the annotations’ ambiguity.
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Figure 3.1: A few examples of our constructed Ground Truth Pixel-Level Masks for
COCO, compared to the generally-accepted practice. (a) Original RGB images. (b)
COCO dataset annotations. (c) COCO-Stuff Pixel-Level Masks. (d) Regions where
COCO annotations overlap. (e) Naive masks, where any annotation ambiguity is re-
solved by taking the class with the higher index. (f) Our ground-truth pixel-level masks.
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2. Use these foreground maps to mask out the background and “stuff” regions from
the corresponding COCO-Stuff mask, so that only the required foreground objects
remain. Since we are using the 2014 version of the dataset, in line with other
works, we do not use the extra classes introduced in the more recent version of
the dataset.

3. The masked COCO-Stuff mask will form the basis of our ground truth masks. The
caveat is that the COCO-Stuff masks do not guarantee coverage or inclusion of
the foreground objects identified by the annotations (although the vast majority
are): there may be some objects included in the annotations that are not present
in the COCO-Stuff mask.

4. In these rare cases where COCO-Stuff does not account for a foreground region,
we resort to the same, naive method that other works generally use: take the
class with the largest index. Sometimes this is trivial since the absent foreground
region only has one option from the annotations, but if there is ambiguity, then
we use the argmax method to resolve it. While not perfect, it does align with
other works, and is the most reasonable option without resorting to more complex
methods (which is something future work can address).

Our construction of the pixel masks is shown in Figure 3.1, row (f) — through the
use of the COCO-Stuff masks there is minimal, if any, ambiguity that is not addressed.
Therefore, our method resolves much of the ambiguity from the annotations, leading
to more accurate ground-truth masks, which means our metrics and evaluation is more
representative of our models’ performance. We also expect that other works will experi-
ence an increase in IoU performance when comparing their segmentation masks to our
more accurate ground-truth masks, although this is left to Future Work. However, we
do reimplement MCTFormer+ [Xu et al. 2024], which we build upon in later chapters,
in Section 4.3.5 and use the reimplemented results for any comparisons made (on both
VOC and COCO).

3.3 Related Work

Awareness around co-occurrence-related problems in WSSS has only recently gathered
pace. Zhang et al. [2015] was one of the earliest works to mention co-occurrence, and
built a statistical model (a joint CRF) using image-level label co-occurrence and other
visual features. However, they did not see the co-occurrence as an issue, and instead
used it so that the existence of some image aspect would increase the probability of
a class being present. Whilst obtaining the state-of-the-art at the time, this idea that
co-occurrence is useful proved to be contrary in later works, where co-occurrence was
viewed as a limitation and attempts were made to break it [Lee et al. 2021b; Su et al.
2021; Lee et al. 2022; Yang et al. 2024].

Lee et al. [2021b] recognised that co-occurring regions of images are frequently mis-
classified as being part of the accompanying class, leading to degraded performance
(hence the title: “Railroad is not a Train”, with train being the foreground object and
the railroad being part of the background). Their core contribution is showing that re-
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ducing this co-occurrence leads to improved results, which they achieved by using extra
supervision from saliency maps generated using an off-the-shelf model. The saliency
maps were not as susceptible to the co-occurrence issue.

Another framework, Cross Language Image Matching (CLIMS) [Xie et al. 2022], use
natural language (instead of the saliency maps like Lee et al. [2021b]) to help dis-
ambiguate co-occurring image regions from the object of interest, by suppressing the
background regions of objects. This framework was largely powered by the CLIP model
[Radford et al. 2021], which showed that models pre-trained using the natural lan-
guage task of matching captions with images were able to achieve high zero-shot per-
formance on downstream tasks when additional natural language is used to reference
various visual concepts, which may or may not have been previously learnt.

However, the use of the saliency maps by Lee et al. [2021b] and natural language by
Xie et al. [2022] introduce another source of data and supervision to the training pro-
cess. We differentiate ourselves by only utilising the data at hand, which also confirms
that the additional saliency maps and natural language are not artificially reducing the
degree to which the original co-occurrence problem occurs in our datasets, which they
may do if their original datasets have low co-occurrence or otherwise unbiased data.

One of the best-performing and most recent models, Separate and Conquer (SeCo)
[Yang et al. 2024] is the most generally-applicable model in that it can be applied to
class-background co-occurrence and class-class co-occurrence. They divide each image
into a number of patches (as is usual when using Vision Transformers), and assign a
category tag to each one. The category tag is an estimate of the most prominent class
present in that patch, and is based on CAMs generated from an auxiliary classification
head they add to their model. They then perform contrastive learning between the
different patch embeddings as well as between the patch embeddings and global class
embeddings (of which there is one per class in the dataset). However, the authors ac-
knowledge that the assignment of category tags using an initial CAM is a noisy process
and attempt to mitigate this by using a confidence-threshold system. It is this fact that
is unattractive to us: the contrastive learning is performed using the imperfect category
tags as labels, which will compound the error and creates a non-stationary problem.

There are also two prominent data-driven methods, Context Decoupling Augmenta-
tion (CDA) [Su et al. 2021] and W-OoD [Lee et al. 2022], which aim to alleviate the
co-occurrence issue by augmenting the dataset instead of making technical alterations
to models. Su et al. [2021], and Zhang et al. [2015], recognise that the cause of
co-occurrence is that some foreground objects occur quite frequently with the same
background. Whilst the latter used this idea to build their statistical model on the
basis that certain background features being present implies that the associated fore-
ground object is likely to be present, the former follow the more recent train of thought
and aim to directly break the dependency between the foreground object and the as-
sociated background by decoupling their context. That is, they argue that improving
the WSSS performance is not simply related to increasing the semantic variation with
which a particular class appears in the dataset (e.g. traditional augmentation tech-
niques like random cropping, transformations, and colour jittering), but rather that
the performance for certain classes might be directly inhibited by the frequent, similar
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context in which those objects generally occur. Specifically, Su et al. [2021] use an
initial off-the-shelf WSSS method to get initial segmentations for the objects of interest,
and then randomly place these objects in other images, thereby giving them a differ-
ent background context. However, this is inherently limited by the effectiveness of the
off-the-shelf model, and any errors that exist there will be propagated downstream.

Likewise, Lee et al. [2022] (W-OoD) recognise the cause of co-occurrence, and suggest
breaking the contextual dependence by introducing extra background-only images to
the dataset. This out-of-distribution data is included in a targeted manner by choos-
ing images that contain the co-occurring background features, but not the co-occurring
foreground object. The model can use the background-only images to distinguish be-
tween the background and the object of interest, and is further encouraged to do so by
using metric learning to ensure the embeddings for the foreground object are far away
from the embedding for the corresponding background-only image.

MCTFormer+ [Xu et al. 2024] is currently one of the best performing models for WSSS,
although it does not mention nor address the co-occurrence problem. CDA [Su et al.
2021], W-0OoD [Lee et al. 2022], and CLIMS [Xie et al. 2022] all achieve competitive
overall performance, but only SeCo [Yang et al. 2024] achieves performance on par
with MCTFormer+. Hence, we are justified in using it as the base for our solution in
Chapter 4 and we discuss it further in Section 4.3.

Finally, although all of these works (with the exception of Zhang et al. [2015] and Xu
et al. [2024]) acknowledge that co-occurrence is an issue leading to greatly degraded
performance and provide methods to address it, none of them quantify the degree to
which co-occurrence occurs in the dataset. Furthermore, none of these works explicitly
demonstrate that co-occurrence is a problem: they assume it is a problem and take
the resulting performance improvements of their methods as confirmation of this as-
sumption. We will go one step further and investigate the degree of class co-occurrence
in the VOC and COCO datasets, and empirically demonstrate that increased class co-
occurrence leads to degraded segmentation performance for those classes.

All of these works address the co-occurrence between a class and some background
feature, except SeCo [Yang et al. 2024], which can also be applied to class-class co-
occurrence. In contrast, our definition of co-occurrence leads us to focus on co-occurrence
between explicit classes of the datasets. Notably, it is not possible to measure the co-
occurrence between a class and certain background features in most datasets — the
datasets only include class labels, and not labels for different background features,
meaning the datasets do not support this kind of co-occurrence analysis. The class-
background co-occurrence can only be described qualitatively, by observation.

3.4 Quantification

This section quantifies the level of class co-occurrence in VOC and COCO, and provides
empirical evidence that increased co-occurrence for a pair of classes is detrimental to
the weakly supervised IoU performance for those classes.
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images with at least one images with both co-occurrence
dataset class1 class2 & &

of these classes of these classes (portion of occurrence)
chair diningtable 1427 414 0.2901
bottle diningtable 1137 190 0.1671
chair pottedplant 1556 194 0.1247
chair tvmonitor 1599 196 0.1226
VOC chair sofa 1679 198 0.1179
bus car 1386 157 0.1133
car person 4781 524 0.1096
chair person 4854 529 0.1090
bottle chair 1767 175 0.0990
bottle person 4436 433 0.0976
baseball bat baseball glove 2505 1183 0.4723
mouse keyboard 1883 878 0.4663
sports ball  tennis racket 4093 1261 0.3081
fork knife 4344 1290 0.2970
COCo cup dining table 11555 3341 0.2891
toilet sink 4425 1183 0.2673
chair dining table 13685 3643 0.2662
microwave oven 2453 639 0.2605
car truck 10339 2588 0.2503
apple orange 1911 476 0.2491

Table 3.1: A table showing the top 10 pairs of co-occurring classes in descending order.
The two columns (the second and third) denote the pair of classes (order does not mat-
ter). The next two columns give the absolute number of images in the datasets with at
least one of the pair of classes, or both of them, respectively. The final column provides
the co-occurrence level in the range [0,1]. Note that the maximum co-occurrence for
VOC is 29.01% and for COCO is 47.23%.

3.4.1 Dataset Class Co-Occurrence Levels

Section 3.3 discussed prior work and found that whilst they consider co-occurrence a
problem and propose solutions to it, they fail to investigate the degree to which co-
occurrence exists in various datasets.

We initially find the co-occurrence between all possible pairs of classes in the VOC and
COCO datasets and show the 10 highest pairs in Table 3.1.) We immediately notice
that in the worst cases, the class co-occurrence is substantially worse for COCO than it
is for VOC, with the highest COCO co-occurrence (47.23%) being nearly double that
of VOC (29.01%). There is a decrease of ~16% co-occurrence in VOC from the first to
second case, and from the second to the third case in COCO. However, even after this
drop-off, the COCO co-occurrence is still roughly double that of VOC.

To further visualise the skewness of the datasets in terms of class co-occurrence, we plot
Figure 3.2. The figure shows that COCO has many more large outliers than VOC does,
with a substantial number of the COCO outliers being in the same region as the two

!We release the complete list of class pairs and their co-occurrence as part of our code repository. See
Section 4.4.
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worst VOC outliers — although both datasets are skewed to lower class co-occurrence,
COCO’s large outliers are much worse than VOC'’s.

VOC [« MeYoResew) 5] )
(VOC) baseball bat - baseball glove
® (VOC) mouse - keyboard
ko] ® (COCO) baseball bat - baseball glove
é ® (COCO) mouse - keyboard
(=) ® (COCO) sports ball - tennis racket
(COCO) fork - knife
e (COCO) cup - dining table
COCO A o0 @ o0
0.0 0.1 0.2 0.3 0.4

Co-occurrence Level

Figure 3.2: A Box-and-Whisker Diagram showing the distribution of class co-occurrence
in VOC and COCO. The whiskers are drawn to 1.5 * /@) R beyond the lower and upper
quartiles, respectively. The circles denote outliers (co-occurrence values which lie be-
yond the whiskers) and the worst cases from VOC and COCO have been labelled. Both
datasets are skewed to low co-occurrence values, hence the lower whisker, lower quar-
tile, and median more-or-less overlap with each other.

In order to view the overall degree of co-occurrence in each dataset, we need to be able
to compare them in a scale-independent way, considering that COCO is much larger
than VOC. To this end, we first count the number of pair instances that have a co-
occurrence in a given range, and convert the count to a portion of the respective dataset.
We then compare the relative portion of each dataset in each range in Figure 3.3, up
to a co-occurrence rate of 50% since no class pair exceeds that co-occurrence level.
Evidently, the majority of the co-occurrence sub-ranges have a greater portion of the
COCO dataset than the VOC dataset, with many of the higher sub-ranges favouring
COCO.

Based on this analysis of the worst-case scenarios and the broad overview of the datasets,
COCO contains class co-occurrence to a far greater degree than VOC.

3.4.2 Performance with Class Co-occurrence

Following Section 3.4.1 showing that COCO has more co-occurrence than VOC, we
want to investigate the effect of this increased co-occurrence on an existing model for
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Figure 3.3: Graph showing the relative portion of each dataset that has pairs of classes
with a co-occurrence level in various ranges. For each co-occurrence range, we deter-
mine the portion of class pairs in each dataset that fall in it (the scaling required to get
the proportional values allow comparison of the different sized datasets). For a specific
range, we then plot the relative size of each datasets’ class pairs that fall in it. For
example, of all class pairs with a co-occurrence between 0% and 5%, more than half of
them are from COCO, hence the red bar extends just past 50% for this range. No pair of
classes in either dataset have co-occurrence in the range [35,45), hence those columns
are blank.
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weakly supervised semantic segmentation. We focus on MCTFormer+ [Xu et al. 2024],
since that is one of the current state-of-the-art models, and we used it as a base for our
own contribution in Chapter 4.

We artificially control the level of co-occurrence for a chosen pair of classes. To do
this in a fair manner, we created a series of image lists that are subsets of the original
datasets and control the inclusion of images which possess at least one of the chosen
pair of classes. To manipulate the co-occurrence level, we adjust the ratio between
images containing only one of the classes and images containing both classes. Impor-
tantly, we ensure that the proportion of images containing only the first class and those
containing only the second class remains consistent across different co-occurrence lev-
els. Additionally, we keep the total number of images containing at least one of the
classes constant, so that any observed changes in performance are exclusively due to
varying co-occurrence levels, rather than differences in the amount of training data.

We selected four pairs of classes from COCO, with high, moderate, and low levels of
co-occurrence, and for which there is sufficient data to sample according to this scheme:

1. Baseball Bat and Baseball Glove, which have an original co-occurrence of 47.23%
2. Mouse and Keyboard, which have an original co-occurrence of 46.63%

3. Cup and Chair, which have an original co-occurrence of 15.88%

4. Bicycle and Motorcycle, which have an original co-occurrence of 7.21%.

These results are presented in Figure 3.4. The first two pairs have a high co-occurrence
in the original dataset: by reducing the co-occurrence, MCTFormer+ improves on the
class IoU scores; and by further increasing the co-occurrence, MCTFormer+ experiences
a further deterioration on the class IoU performance. We also examine the last two
pairs to ensure that this behaviour is consistent for classes that originally have low co-
occurrence, which it is. Note that the class-specific IoU performance does experience
small changes in performance over some co-occurrence levels, but every class does
experience a large drop off at one of the increases in co-occurrence. However, the
decrease in performance for each pair of classes is not evenly split between the two
classes: one may suffer a larger performance decrease than the other over the same
increase in co-occurrence. This suggests that the model tends to bias towards one of
the classes in a co-occurring pair, at the cost of the other.

We also want to confirm that this trend holds for VOC. We select the following class
pairs:
1. Chair and Dining Table, which have an original co-occurrence of 29.01%, which
is the highest in the dataset.

2. Car and Person, which have an original co-occurrence of 10.96%, which is rela-
tively moderate co-occurrence for VOC.

Similarly to COCO, Figure 3.5 shows that as the co-occurrence between pairs of classes
increases, MCTFormer+’s performance on those classes decreases. This change does
not necessarily occur in a consistent manner: for small values of co-occurrence (e.g.
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5% or 10%), it is possible that performance increases as co-occurrence increases, likely
due to the co-occurrence not being an inhibiting factor yet, or even other factors in
the dataset contributing to the model’s ability to learn. Over larger increases in co-
occurrence, there is always a decrease in performance. Notably, the “dining table” class
shows a large spike in performance from 0% to 10% before decreasing again. It is un-
clear exactly why this happens, but we conjecture it might be due to the “dining table”
images without “chair” (i.e. at 0% co-occurrence) not providing enough information to
help disambiguate it from other classes, where the images including “chair” do provide
such information.

== Baseball Bat == Baseball Glove == Mouse == Keyboard Bicycle Motorcycle
== Cup == Chair
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Figure 3.4: Graph showing the IoU performance for models trained on various levels
of co-occurrence for certain class pairs from MS COCO 2014. The colours denote the
pairs of classes considered, with one class having a solid line and the other a dashed
line (which class is considered “first” has no significance). The black points show the
co-occurrence level for the pairs of classes in the original dataset: the baseball bat and
baseball glove, and the mouse and keyboard pairs have high co-occurrence in COCO,
but the bicycle and motorcycle, and cup and chair pairs have low co-occurrence in
COCO.
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Figure 3.5: Graph showing the IoU performance for models trained on various levels of
co-occurrence for certain class pairs from PASCAL VOC 2012. The colours denote the
pairs of classes considered, with one class having a solid line and the other a dashed
line (which class is considered “first” has no significance). The black points show the
co-occurrence level for the pairs of classes in the original dataset: the chair and dining
table have high co-occurrence in VOC, but the car and person have relatively moderate
co-occurrence.
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The finding that increased levels of co-occurrence correlate with deteriorated perfor-
mance suggests a potentially widespread issue that has not yet been thoroughly inves-
tigated. Our results indicate that co-occurrence is a primary contributing factor, likely
because the model struggles to disambiguate classes that frequently appear together. In
such cases, the model expends more capacity on telling these classes apart, rather than
on learning finer-grained details such as intra-class variance or object boundaries. This
leads to degraded class IoU performance compared to classes with low co-occurrence,
where the model can allocate more capacity to these tasks. While co-occurrence ap-
pears to be the dominant driver of this effect, we note that other dataset-specific factors
(such as the relative difficulty of certain instances) may also play a role.

3.5 Summary

This chapter investigated the existence of the class co-occurrence problem, which is,
in brief, the phenomenon where two classes frequently occur together in images, and
proved that this degrades the performance for the corresponding classes for weakly su-
pervised semantic segmentation. This degradation in performance is not equal for the
classes: one may experience worsened performance compared to the other one. It is
likely that the model spends more effort simply telling the classes apart and less effort
on learning the finer aspects about the related objects, like learning where the respec-
tive object boundaries are, especially since this is not necessary for the classification
task, which is necessitated by only image-level labels being available for the weakly
supervised task of semantic segmentation.

This chapter also quantified the degree to which class co-occurrence exists in the two
datasets, PASCAL VOC 2012 and MS COCO 2014, and found that class co-occurrence
occurs to a far greater degree in COCO, and the class pairs on the higher end of co-
occurrence are worse for COCO than for VOC.

In the following few chapters, we address the class co-occurrence problem and recover
performance for the affected classes, and will focus predominantly on COCO. Since the
decrease in performance is not split equally between the two classes of a co-occurring
pair, we do not expect a balanced recovery that is equal between the classes: the larger
the decrease in performance, the more pronounced an effect we expect to have.
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Chapter 4

Final Framework

Chapter 3 investigated the prevalence of class co-occurrence within the PASCAL VOC
2012 and MS COCO 2014 datasets, quantifying its presence and demonstrating that
increased co-occurrence leads to degraded performance in weakly supervised semantic
segmentation. Chapter 2 reviewed various CNN-based approaches, while Section 3.3
examined transformer-based methods related to co-occurrence modelling. While those
methods focused on leveraging co-occurrence within individual images, this chapter
explores the application of cross image attention as a mechanism to incorporate cross-
image context. An ablation study of our cross image attention mechanism is presented
in Chapter 5, highlighting the importance of design choices in our proposed framework.

The need for cross-image context arises from the observation that most existing meth-
ods rely solely on information from the current image to make predictions [Ru et al.
2023; Yang et al. 2024; Xu et al. 2024], neglecting the wealth of information avail-
able across the entire dataset. In contrast, cross image attention allows us to model
relevance between different, yet related images, providing a mechanism for transfer-
ring knowledge between them. This is particularly appealing for weakly supervised
semantic segmentation, where limited supervision can be supplemented by leveraging
information from other images containing related content.

Transformer-based approaches are especially suitable for this task due to their sim-
pler architectures compared to CNN-based methods, which often require increasingly
complex modules to achieve competitive performance (Section 2.3). The self-attention
mechanism at the core of transformers is highly effective at modelling relevance by
comparing queries and keys to produce attention maps [Xu et al. 2022 2024; Yang et
al. 2024]. These maps are activated only for correlated regions, meaning that object
class tokens will only generate strong attention values when the corresponding classes
are present, while the remaining class tokens will produce broad, low-value attention
maps.

Cross attention, an extension of the self-attention mechanism, spreads attention across
different input sequences rather than limiting it to tokens within a single input. This
chapter examines how this mechanism is harnessed to enhance weakly supervised se-
mantic segmentation by incorporating information from multiple images.
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As a foundation for our approach, we choose MCTFormer+ [Xu et al. 2024], a high-
performing transformer-based model, which is discussed in detail in Section 4.3. Our
proposed framework builds on MCTFormer+ by introducing two parallel branches,
where cross attention is applied between them to enhance segmentation performance.
The detailed mechanics of this cross attention mechanism are presented in Section 4.5.1
and our design choices are further explored through ablation studies presented in Chap-
ter 5.

Furthermore, we introduce a contrastive learning module as an additional enhance-
ment to our framework in Section 4.5.2. This module aims to improve the alignment of
representations between the two branches, thereby increasing the effectiveness of the
cross image attention mechanism. The development and investigation of this module
are thoroughly discussed in Chapter 6.

Section 4.4 provides the experimental details of our approach, while Section 4.5 presents
the final methodology and results. Ultimately, we demonstrate that our cross attention-
based approach effectively mitigates the detrimental effects of class co-occurrence,
achieving substantial improvements over previous methods, particularly for co-occurring
classes.

4.1 Background

This section will introduce the foundational concepts required to understand and per-
form Cross Image Attention. Seeing as Vision Transformers are the central vehicle for
cross attention, the concepts will be introduced within their context. Specifically, the
mechanics of using a Vision Transformer to solve computer vision tasks will be discussed
as well as their central self-attention mechanism.

There is no consensus about the correct way to implement Cross Attention in Vision
Transformers — it is dependent on the work at hand and the task to solve. These
methods will be discussed in Section 4.2.

4.1.1 Vision Transformers

Transformers [Vaswani et al. 2017] were originally designed to address Natural Lan-
guage Processing (NLP) tasks. They have since become the de facto standard for such
tasks due to their dominance over alternative architectures like LSTMs. Many attempts
have been made to use transformers in a vision capacity, but the Vision Transformer
[Dosovitskiy et al. 2020], ViT, was the first to demonstrate any success. They did so
by following the ideology of Vaswani et al. [2017] as closely as possible, tweaking the
ideas as necessary to accommodate an image-based context.

4.1.1.1 Basic Mechanics

Broadly speaking, transformers have two components: an encoder and a decoder. The
encoder, shown in Figure 4.1, consists of a number of layers of Multi-Headed Self-
Attention (refer to Section 4.1.1.4) and MLP (Multi-Layer Perceptron) blocks. It takes a
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Figure 4.1: Transformer Encoder with a normal attention mechanism, where k, v, and
q represent the Key, Value, and Query matrices, respectively.

1D input sequence of tokens and learns some representation between these tokens. The
decoder takes the output of the encoder and produces an output sequence of tokens.

In an NLP case, we take an encoded/embedded sentence and produce another sentence.
Images are 2D by nature and so need to be divided into M small N x N patches (called
Patch Tokens), which are then rearranged into a linear sequence in order to be passed
through the encoder. Most vision applications do not require the use of a decoder, since
no output sequence is required. Instead, the learnt embeddings, or Patch Tokens, are
used directly for the downstream task.

4.1.1.2 Class and Patch Tokens

When using a Vision Transformer, the input image is divided into M small N x N
patches. Each of these patches is passed through a convolutional layer to learn an initial
embedding for each patch — these embeddings are called Patch Tokens. Specifically,
the convolutional layer maps the N x N x 3 RGB-encoded patch to a specified number
of dimensions, d, to form the 1 x 1 x d patch token.

In both NLP [Devlin et al. 2018] and CV [Dosovitskiy et al. 2020] contexts, a learnable
embedding is prepended to the sequence of word or patch tokens. This learnable em-
bedding is called a Class Token. It serves to capture context information that is useful
for the task at hand. Hence, it is generally used with some prediction head for the
downstream task.

As the Class and Patch Tokens move through the transformer encoder, their embeddings
evolve to take on a representation required to solve the training task.

4.1.1.3 Positional Embeddings

Transformers are non-sequential and compute the attention between all the tokens si-
multaneously (hence the name self-attention — discussed in Section 4.1.1.4). This
means that the order of the input tokens does not matter when computing the atten-
tion. However, the order of the tokens is still important to the solving of the task (e.g.
the content of adjacent patches should be more correlated than patches which are far

33



apart). Therefore, we add a positional embedding to each of the class and patch tokens
in order to model the sequential dependence between the input tokens.

This positional embedding can be computed in two ways. Firstly, a function (e.g. a
periodic function like sin, cos, or some combination thereof) can be used to directly
calculate its values for every position in the input sequence. This method will mean its
value is fixed. Secondly, it can be learnt during the training process. The former has
the benefit of being fast and cheap to compute, but only possesses basic information.
The latter has the benefit of more informative embeddings making more useful contri-
butions to the task at hand, but introduces extra computation because they need to be
learnt.

4.1.1.4 Self-attention

The core contribution of the Transformer architecture is the self-attention mechanism.
Attention is the concept that allows the network to model the relevance of input to-
kens and self-attention is the concept whereby the relevance of the tokens is modelled
relative to each other and to themselves (hence the self in self-attention).

The input class and patch tokens have three “hidden” representations: Query, Key, and
Value, which function similarly to the hidden states of RNNs and LSTMs. Queries and
Keys are used to model relevance between tokens, where each token asks the same
question to all others with a query vector, and provides the same answer to each query
with a key vector. Tokens with matching queries and keys have high relevance and
so have high attention between them, whilst those without matching queries and keys
have low relevance and attention between them. Non-linear combinations of query and
key vectors are enabled through the value vector, allowing for expressive modelling of
input tokens.

All three vectors have the same dimensionality, d, and are the output of three separate
dense layers in a particular transformer layer. Consider that we have a batch of input
token sequences, each of length N. Then we will have N query, key, and value vectors.
Let X be our batch of input token sequences, each of length N, and W, W, and
W, are the trainable weight matrices. The Query, Key, and Value matrices collectively
represent the respective vectors for the whole batch as follows:

Q :XWQ7 K:XWK, V:XWV

The attention mechanism operates by comparing tokens through the dot product of
their query and key vectors, QK”, which determines how strongly one token attends
to another. To ensure that these dot products remain numerically stable across different

vector dimensions, the result is scaled by the factor \/dj: Q—\/IC%T. This scaling prevents
the dot products from growing disproportionately large with higher dimensions, which
would otherwise push the softmax function into regions where it produces very sharp
distributions and unstable gradients. The resulting scaled values form the attention

weights, which quantify the relative importance of tokens to one another.

In order to utilise context from multiple other tokens, we cannot select the maximum
attention weight per query (i.e. the most relevant key per query) since this throws
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Figure 4.2: Illustration of the resulting attention matrix after self-attention (Equa-
tion (4.1)) is applied to a single class token and patch tokens. The orange elements
represent the “class-to-patch” attention and the blue elements represent the “patch-to-
patch” attention.

away most of the information. Therefore, we use a query-wise Softmax activation on
the attention weights, which has the added benefit of being differentiable. Thereafter,
the differences between large and small attention weights is smaller and smoother,
allowing the gradients to flow more easily during backpropagation. The scaling by /d},
prevents the saturation of the softmax distribution in high dimensions (which the class
and patch tokens, and the query, key, and value vectors usually are).

Finally, we take the dot product of the activated attention weights with the value vec-
tors. Therefore, the final attention is calculated as follows:

Attention(Q, K, V) = A = softma (QKT) Vv (4.1)
ntion(Q, K, V) = A = softmax : :
Vi

Figure 4.2 provides a graphical interpretation of what different elements in this atten-
tion matrix, A, represent at an image level. The orange elements show the “class-to-
patch” attention, which models the relevance between the class token and every patch
in the image. For example, this could be used to predict a saliency map of the fore-
ground objects in the image. The blue elements show the “patch-to-patch” attention,
which models the relevance between different patches and how they are related to each
other. For example, patches with the same objects will be more related than patches
with different objects.

4.1.1.5 Multi-Headed Self-Attention (MHSA)

A transformer uses multiple parallel applications of the self-attention mechanism (called
“heads”), at each layer, to sufficiently model the complexity of the problem, where each
head has its own set of learnable parameters. Each attention head (within a layer) will
be slightly different to allow tokens the opportunity to attend to alternative tokens.
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4.2 Related Work

Vision Transformers (Section 4.1.1) have seen a rapid rise in popularity since they were
introduced [Dosovitskiy et al. 2020; Touvron et al. 2021; Caron et al. 2021]. Many at-
tempts have also been made to use Vision Transformers for Weakly Supervised Seman-
tic Segmentation, with even the simplest of frameworks [Li et al. 2023; Xu et al. 2024]
achieving competitive results with state-of-the-art CNN-based frameworks like Zhou
et al. [2022]. A transformer-based framework, SeCo [Yang et al. 2024], is currently
the state-of-the-art for this task. Although SeCo is transformer-based, its primary con-
tribution is with contrastive learning and their acknowledgement of the co-occurring
problem. Therefore, it is discussed in Section 3.3 and Section 6.2 for its co-occurrence
and contrastive learning content, respectively. Additionally, MCTFormer+ [Xu et al.
2024] is extremely competitive to SeCo, and is the work we use as our foundation — it
is presented in-depth in Section 4.3. We use MCTFormer+ over SeCo as our foundation
because SeCo was only released after this work had begun.

Weakly Supervised Semantic Segmentation contains the large sub-problem of being
able to model long-range dependencies to get a holistic view of the objects. CNN-
based approaches (Section 2.3) struggled to do this since CAMs only localise part of
the objects and CNNs only have local receptive fields. Transformers, on the other hand,
are perfectly suited to this problem with their self-attention and lack of local inductive
biases. Figure 4.3 supports this, by showing that long-range dependencies are modelled
from early on.
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Figure 4.3: Relation between the head and network depth with the size of the attended
area. Early layers have pixels attending to others, both near and far. Later layers have
pixels only attending to other, far pixels. From Dosovitskiy et al. [2020].

It is worth noting that DINO [Caron et al. 2021] has provided evidence that the class

token’s attention maps contain clear information about the layout of the scene and its
semantic segmentation. Moreover, the research shows that different attention heads
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can focus on various semantic regions of the image. However, it is currently unknown
how to relate a particular attention head to a specific semantic class since the attention
maps do not depend on the class. Therefore, the self-supervised approach presented
in DINO, though suitable for an unsupervised training objective, is not useful for our
weakly supervised task.

This section will consider various transformer-based approaches with a focus on cross
attention schemes.

4.2.1 Cross Attention

Attention models relevance between tokens, with questions (queries) and answers
(keys) being compared, such that we only get a large attention value for “relevant”
combinations of tokens. That is, we only get a large attention value if the key matches
the query. Intuitively, this means that we will only get attention for correlated regions,
so if we do not have classes present in various regions, the attention maps for the object
class tokens should be inert, whilst the background attention maps should be largely
activated.

The query, key, and value matrices are transformed by their respective set of learnable
parameters, so this “question-answer” analogy does not strictly say that the query and
key matrices are appropriately aligned, but rather that the learnt transformations are.

Cross Attention is a scheme whereby the attention of a transformer is spread to in-
clude tokens other than what was present in its own input. It allows the modelling of
relevance across different input sequences and forms a way of transferring knowledge
between different token sequences.

There are multiple different ways cross attention can be applied. Initially, images could
be concatenated together, tokenised, and used as input. However, the self-attention
mechanism has quadratic complexity, meaning that this naive approach is computation-
ally expensive. Alternatively, two parallel branches can be used, with cross attention
occurring between them. Traditionally, the Query and Key-Value pair have different
sources, where the Key and Value source is kept constant, but the Query source al-
ternates between the branches. This allows one image to ask questions of a different
image. This is akin to the scheme used in Chen et al. [2023c], and which we diagram-
matically present in Figure 4.4.

However, Chen et al. [2021] raised the idea of only swapping the class token between
the parallel branches, in an alternate manner. The class token is the only Query source,
whilst the entirety of the newly modified token sequence is the source for the Key
and Value. This way, the complexity of the cross attention is linear in computation
and memory since the Query does not include the patch tokens, but the holistic rep-
resentations of object characteristics contained in the class token are shared. This is
diagrammatically presented in Figure 4.5.

A final way of applying cross attention is to change the scope being considered. Lin et
al. [2022] alternately apply cross attention between the patches of the input sequence
and within each patch itself. The latter is the major contribution and is accomplished
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Figure 4.4: Two branches of Transformer Encoders with the conventional Query Swap
method of cross attention. k, v, and q refer to the Key, Value, and Query matrices of the
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Figure 4.5: Two branches of Transformer Encoders with the conventional Token Swap
method of cross attention. CT stands for Class Token; PT stands for Patch Token.
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by applying convolutions within the patch. This allows the attention mechanism to
capture the local and fine details that CNNs excel at, but also allows the modelling of
global dependencies with the conventional attention module.

While all these cross attention methods show merit, we use the method of swapping
the Query matrix between different attention modules (from Chen et al. [2023c] and
illustrated in Figure 4.4) due to the attractiveness of its intuition — one image can “ask
questions” about the content in another image by swapping the query matrices, which
is not necessarily clear in the other methods.

4.2.2 Semantic Reassignment

Semantic Reassignment [Cao and Zhang 2023] is a method of recovering class-specific
attention maps from the multiple class-agnostic attention maps of the attention heads
across the transformer layers. It works as follows: given the classification score . for a
class ¢, compute the gradient matrix VA with respect to the attention matrix of the i*"
head for the /*" layer, A!, and obtain a class-specific attention matrix with element-wise
multiplication:

A;° = A ©ReLU(VA/®). (4.2)

The ReLU ensures that only positive attention scores (i.e. attention between relevant
tokens) are considered, whilst those corresponding to the other classes are discarded.
Finally, the aggregated class-specific attention matrix is:

Ac=) "N "A“ (4.3)
l

%

Xu et al. [2022] propose an alternative approach for extracting class-specific attention
maps from the layers of a transformer encoder. As detailed in Section 4.3.1, this method
employs a class-aware training strategy alongside the use of multiple class tokens, with
one token allocated for each class in the dataset. This design encourages each class
token to learn a representation specific to its corresponding class. Referring to the
attention matrix illustrated in Figure 4.2, where the orange tokens represent class-to-
patch attention, this approach effectively extends the concept by introducing multiple
sets of class-to-patch attention scores — one set for each class token. Each set models
the “relevance” of a particular class to all patches, enabling the direct extraction of
class-specific attention maps from the transformer. This is also the method we use.

4.2.3 Efficient Training of Transformers

As Dosovitskiy et al. [2020] reported, Vision Transformers require an extremely large
amount of data for training (at least 14 million images), in order to perform well on
a small- to medium-sized downstream task. Obtaining this quantity of data is not fea-
sible for our Weakly Supervised Semantic Segmentation task. However, Touvron et al.
[2021] presented a Data-efficient Image Transformer (DeiT), which requires signifi-
cantly less task-specific data for training, making it a viable backbone for our task. It
uses a teacher-student training strategy, where the teacher is pre-trained on a large task
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of interest (note that this teacher does not have to be a transformer). It appends a dis-
tillation token to the input token sequence of the student. As such, it interacts with the
class and patch tokens through the self-attention mechanism. For the student training,
the class tokens are trained against the true label, and the distillation token is trained
to match the output of the teacher for the same input.

Following MCTFormer+ [Xu et al. 2024], we do not directly use the DeiT in our
work, but we do use its learned parameters to initialise our small vision transformers,
thereby using pretrained weights that already efficiently encode foundational elements
for WSSS.

4.3 Base Model

MCTFormer+ [Xu et al. 2024] is amongst the work that has achieved the state-of-
the-art performance for Weakly Supervised Semantic Segmentation, to which previous
chapters alluded. It makes two improvements over its predecessor, MCTFormer [Xu et
al. 2022], which also achieved competitive results when it was published.

Therefore, we use MCTFormer+ not only as our primary baseline, but also as the foun-
dation for our contribution in this work.

This section will initially present MCTFormer (Section 4.3.1), highlighting the core
concepts which are relevant to our work, before presenting the improvements of MCT-
Former+ (Section 4.3.2). Section 4.3.3 and Section 4.3.4 present the mathematical
formulations for recovering the class-specific localisation maps and their subsequent
refinement, respectively. Section 4.3.5 then compares the performance of our reimple-
mentation against the reported results.

4.3.1 MCTFormer

MCTFormer is a transformer-based approach to Weakly Supervised Semantic Segmen-
tation. It builds on the encoder portion of Vision Transformers [Dosovitskiy et al.
2020] (discussed in Section 4.1.1), which make use of a single, learnable class token
(prepended to the patch tokens) to allow the model to learn a global representation of
the image, and which can be trained to help perform the given task.

Xu et al. [2022] recognise that in a WSSS context, the class-to-patch attention'® for
this single class token can be used to recover a class-agnostic localisation map. They
further argue that the use of multiple class tokens (one per class) will allow the model to
learn class-specific attention maps, which is of immediate interest to WSSS, as it more
holistically encodes the characteristic of each object type as opposed to merely encoding
the existence of objects in the image, thus allowing us to recover localisation maps on
a class-by-class basis. Figure 4.6 provides a graphical interpretation of this multiple-

IRefer to Section 4.1.1.4 for the description of the Attention Matrix.
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Figure 4.6: Illustration comparing the class-to-patch (orange, red, green for different
classes) and patch-to-patch (blue) attention for an attention mechanism using (a) a
single class token and (b) multiple class tokens (as in MCTFormer and MCTFormer+).

class-token concept: the orange, red, and green elements represent the class-to-patch
attention for different classes, and each set can be used to recover their respective
class’s localisation map.

However, the multiple class tokens must be accompanied by a suitable, class-aware,
training strategy to enforce that each class token learns the embedding for a particular
class. Consequently, in order to provide class-aware supervision, Xu et al. [2022] apply
average pooling to each class token (once they have passed through the transformer
encoder) to produce a scalar class score. This class score is passed through a sigmoid
activation function, before being directly compared to a binary-encoded vector of the
corresponding image-level class labels.

Intuitively, each class token should learn the representation for its class and be inde-
pendent of whether the other classes are present or absent. Therefore, when deciding
whether this class is present or not, we should only use information contained in this
class token. Average pooling is applied to each class token separately in order to obtain
a single initial score per class. However, this score is largely meaningless right now. It
needs to be compared to a binary-encoded class label vector, which means we need to
map the predicted class score to [0, 1], which is easy to train against binary labels. This
is done using the sigmoid activation function: class tokens with a positive average are
generally considered “present” and those with a negative average are considered to be
“absent”.

Mathematically, this is:
D
1 .
Y(C) = B ; Tcls(c7 .])a (44)

where y € RY is the class prediction, ¢ € {1,..,C} is the specific class, and T(c, 7)
denotes the j* feature of the c'* class token.

Figure 4.7 displays the architecture for MCTFormer. The authors found that additional
classification training for the patch tokens, by way of the CAM-based [Gao et al. 2021;
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Figure 4.7: MCTFormer Architecture (from Xu et al. [2022]). Multiple, learnable class
tokens (red), equal to the number of classes in the dataset, are prepended to the patch
tokens (yellow), and added to positional embeddings (purple). Once the tokens have
passed through the transformer encoder, average pooling is performed on the class to-
kens to obtain final class scores, for use in the loss calculation (this is the class-aware
training strategy). Additionally, the patch tokens are reshaped to their original 2D di-
mensions, where the depth dimension is equal to the token’s embedding dimension.
They are passed through a convolutional layer to convert the depth dimension to be
equal to the number of classes. Similarly to the class tokens, average pooling is per-
formed on each depth dimension to get a class score, for use in the loss calculation. This
lower branch for the patch tokens is called the PatchCAM module. Hence, classifica-
tion supervision is applied to both the class and the patch tokens. Finally, class-specific
attention from the transformer’s attention maps is combined with the class activation
maps from the convolutional layer of PatchCAM to obtain the Fused Attention Maps.
Patch Affinity (patch-to-patch attention from the transformer’s attention maps) is used
for further refinement, resulting in the final, class-specific localisation maps.

Zhang et al. 2018; Zhou et al. 2016] PatchCAM module, allowed the class-specific atten-
tion maps from the transformer to be refined by a class activation map from PatchCAM’s
convolutional layer, and thereby improved the coverage (and accuracy) of the resulting
class-specific localisation maps.

The major weakness of MCTFormer is the way the pseudo labels are constructed from
the attention maps. The process of extracting the attention maps from the transformer
layers and then refining them is described in Section 4.3.3 and Section 4.3.4, respec-
tively. However, this extraction and refinement yield class-specific activation maps —
these are not the pseudo labels, but are merely improved forms of describing the rela-
tive strength of each class at a pixel. In order to obtain pseudo-labels, the most relevant
class needs to be selected for each pixel, which needs to include consideration for the
background class. This is done by performing a background threshold search where
a single “activation” value is chosen for the background class and then the class with
the highest activation for a pixel gets assigned to that pixel. The background threshold
is found by performing a grid search over possible values and finding the one which
provides the highest mIoU with respect to the ground-truth pixel masks. Note that the
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threshold is actually a hyperparameter and the selection strategy MCTFormer uses is
to perform a search over the labelled training set. It is this comparison to the ground-
truth pixel masks that is the weakness, since MCTFormer is no longer strictly using
image-level labels, and so the “weakly supervised” constraint is marginally violated
(“marginally” because pixel-level supervision is not actually included in the training of
the model).

4.3.2 MCTFormer+

MCTFormer+ makes two improvements over MCTFormer, and is amongst the work to
achieve the most recent state-of-the-art in overall performance (in terms of mIoU). The
first improvement is to replace the Global Average Pooling in the PatchCAM module
with Global Weighted Ranking Pooling [Kolesnikov and Lampert 2016]; the second
improvement is to introduce contrastive learning for the class tokens at each layer of
the transformer. These improvements are shown in Figure 4.8.

Global Average Pooling (GAP) has the primary drawback of assigning equal weight
to each patch token when calculating its final, predicted class score [Kolesnikov and
Lampert 2016]. Xu et al. [2024] recognised that this encourages the model to have
a high response for all relevant regions of the image, leading to the size of object re-
gions being overestimated, thereby including background regions as part of the object.
They addressed this by replacing the GAP layer in the PatchCAM module with a Global
Weighted Ranking Pooling (GWRP) layer [Kolesnikov and Lampert 2016], which aggre-
gates the patch tokens by weighting each one in proportion with its activation relative
to other patch tokens’ activations. This allows the more informative patch tokens to
contribute more to the final class prediction, thereby reducing the degree to which
underestimation and overestimation of an object’s boundaries occur. Mathematically,
given N? patch tokens (NN is the number of patch tokens along the length and breadth
of the image) and C classes, this is:

N2
1 .
P)= — E )\j—lPTj,c 5

where P € RV’*C denotes the patch tokens after having passed through the convolu-
tion layer of PatchCAM to reshape them from d dimensions to C' dimensions; G(F) € R®
denotes the predicted class scores, and G.(F) € R denotes the class score for a particu-
lar class, ¢; r; denotes the ranking index, such that F™¢ > F">¢ > ... > F"~*¢, where F-°

is the ¢! dimension of patch token F, corresponding to class C’; and S(\) = Ej\z LN
where ) is the decay rate.

The second improvement is the introduction of contrastive learning on the class tokens
at each layer of the transformer, by way of a Contrastive Class Tokens (CCT) module.
This will be discussed in-depth, and mathematically, in Chapter 6 (where we include
our own investigation using contrastive learning). Briefly, Xu et al. [2024] noticed that
the class-to-patch attention maps (i.e. the portion of the attention matrix that tells us
where different classes’ objects exist in an image) contained overlapping object regions,
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Figure 4.8: MCTFormer+ Architecture (from Xu et al. [2024]). The architecture of
MCTFormer+ is largely the same as that of MCTFormer (Figure 4.7), except for two
improvements. Firstly, the GAP layer of the PatchCAM module is replaced with the
Global Weighted Ranking Pooling (GRWP) layer. Secondly, contrastive learning is ap-
plied to the class tokens at each layer of the transformer (and is called CCT here).

and that the classification loss (in this case, applied to the class tokens) only has a sub-
stantial effect for the final layers of the network, on which the classification decision
is most strongly dependent. In order to provide stronger supervision to the class to-
kens, and to discriminate them from each other, a similarity matrix is constructed by
multiplying the class token matrix by itself, such that the main diagonal is a class token
multiplied by itself, and the off-diagonal elements are a class token multiplied by the
other class tokens, respectively. This similarity matrix depicts the degree of latent simi-
larity between the class tokens. The central idea is that each class should be completely
separate to the other classes, and so the class tokens should have no similarity to each
other. Therefore, the main diagonal elements should be perfectly correlated (since they
are a comparison of a class token to itself), and the off-diagonal elements should not
be correlated at all (since they are a comparison between class tokens). Consequently,
the similarity matrix is encouraged, through a cross-entropy loss, to be similar to an
identity matrix.

4.3.3 Attention Map Extraction

The initial contribution of MCTFormer and, subsequently MCTFormer+, is to use mul-
tiple class tokens, accompanied by the class-aware training strategy, so that the class-
specific attention maps can be directly extracted from the transformer’s attention ma-
trices.

Let Al,, € RM*M be an attention matrix from a transformer layer, [, where M = N2,
and there are N x N patches, and C' is the number of classes. Then the class-to-patch
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attention? (i.e. the class-specific attention maps) is:

Al

c2p

=AL1:C,CH+1:C+ M), (4.6)

I CxM
where A, € R .

The attention maps from the last K transformer layers are aggregated (by taking the
mean), where L is the number of layers:

L-1
N 1
Ach,mct — ? Z Angpa (47)
I=L-K
where Aﬁpfmct € R*M and [ is zero-indexed. This result is then reshaped to map the
attention scores back to their original patch locations to obtain the final class-specific
localisation maps from the transformer, which are then further normalised:

~

A 5) met = normalise(reshape(A cop met))s (4.8)

where A o) et € RNV,

4.3.4 Attention Map Refinement

Many works include a refinement step, as post-processing for inference, to enhance the
quality of the final localisation maps and, by extension, the subsequent pseudo labels.
This is mainly done through the use of pairwise affinity [Ahn and Kwak 2018; Wang et
al. 2020; Xu et al. 2021], which is generally achieved by learning additional parameters
for this task specifically.

Both MCTFormer and MCTFormer+ use a novel approach for obtaining the pairwise
affinity matrix, that does not require extra learning or supervision: it is taken directly
from the transformer’s attention maps in the form of the patch-to-patch attention.

Mathematically, the patch-to-patch attentions are

Al

p2p

=ALC+1:C+M,CH+1:C+ M|, (4.9)

and Aégp € RM*M g reshaped to a 4D tensor, Ajﬁp € RVXNXNXN

Additionally, the CAM maps of the PatchCAM convolution layer (derived from the patch
tokens) are obtained by normalising the output feature map, Fpgincan, to obtain
Apgichcan € REN*N - These CAM maps are fused, via element-wise multiplication,
with the attention maps from the transformer to improve the quality of the class-specific
localisation maps:

Afused = APatchCAM o Acp,mcta (410)

where A f,5.q € RO*V*Y and o denotes the Hadamard Product.

2Refer to Figure 4.6 for an interpretation of class-to-patch attention in a multi-class-token setting.
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Includes Train Set (mIoU) Val Set (mIoU)

Dataset Model CCT
Pseudo Label Segmentation Mask Segmentation Mask
MCTFormer [Xu et al. 2022] X 61.7 69.1 71.9
MCTFormer+ [Xu et al. 2024] v 68.8 76.2 74
voC MCTFormer+ [Xu et al. 2024] X 65.9 — —

MCTFormer+ (ours) v 67.04 73.35 69.71
MCTFormer+ (ours) X 66.80 73.67 69.20
MCTFormer [Xu et al. 2022] X 36.6 41.6 42
MCTFormer+ [Xu et al. 2024] v 42.8 48.1 45.2

COCO MCTFormer+ [Xu et al. 2024] X — — —
MCTFormer+ (ours) v 43.14 43.64 42.01
MCTFormer+ (ours) X 44.69 45.12 43.51

Table 4.1: Comparison of reported pseudo label and final segmentation results against
our reimplemented results, for the train and val sets of PASCAL VOC 2012 and MS
COCO 2014. MCTFormer+ only reported pseudo label results for the train set for VOC,
and did not report results for COCO without using CCT (indicated with “—7).

The exact refinement is as follows:
N N
AT€f<C7 Z.a j) = Z Z Ap2p<i7j7 k» l) : Afused(ca ]{7, l>7 (411)
E I

where A,.; € RO*V*N s the refined class-specific localisation maps, c is the class under
consideration, and - is the scalar product.

This is depicted graphically in the bottom halves of Figure 4.7 and Figure 4.8.

4.3.5 Reimplementation

MCTFormer+ [Xu et al. 2024] is among the current state-of-the-art works and there-
fore is our main baseline and the model that we use as a starting point for our own
contributions. Consequently, we reimplement the model and compare the performance
against the reported results.

The results are presented in Table 4.1. We test the model’s performance on both our
datasets, with and without the contrastive learning, CCT, enabled and compare results
for the quality of the training set’s pseudo labels, and the quality of the final segmenta-
tion masks for both the training and validation sets (remember that the validation sets
are the de-facto test sets since the official test sets are held out).

The VOC results are reported for the original train set and not the augmented version.
We agree that the inclusion of CCT leads to improved performance for the pseudo la-
bels, albeit our results are less improved than Xu et al. [2024]’s reported results (0.24%
compared to the reported 2.9%) — this is further investigated in Section 6.3.3. On the
final version of MCTFormer+, which includes CCT, we struggle to achieve the same
degree of success as Xu et al. [2024] — the segmentation performance for the pseudo
labels, training and validation segmentation masks were decreased by 1.76%, 2.85%,
and 4.29%, respectively. Additionally, our reimplemented final, segmented class scores
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for VOC'’s validation test are compared to the reported results from Xu et al. [2024] in
Table 4.2. The 4.29% discrepancy is spread out rather evenly, with the only large drops
in performance happening for the plane, boat, person, and train classes.

Xu et al. [2024] only reported the overall COCO results, using CCT, and did not pro-
vide class scores. Our pseudo labels were able to outperform theirs slightly (0.34%),
although this could be attributed to us using better quality ground-truth pixel masks®
(Section 3.2.2.1). However, both the training and validation segmentation scores are
worse than the reported results, by 4.46% and 3.19%, respectively. Interestingly, the
exclusion of CCT leads to improved results for the pseudo labels and the segmentation
scores on both image splits — this will be examined further in Chapter 6.

The results in Table 4.1 suggest we are able to reimplement MCTFormer+ to a good
extent and have shown that their reported trends hold (the result on COCO without
CCT was not originally reported, so is not relevant here). However, re-using the seg-
mentation model (DeepLab V1 with a ResNet38 backbone) might be problematic. For
VOC, our pseudo label performance with CCT falls only 1.76% short of theirs, but the
training and validation segmentation masks are degraded by larger amounts, namely
2.85%, and 4.29%, respectively. For COCO, our pseudo labels with CCT outperformed
theirs by 0.34%, but the training and validation segmentation masks both suffered large
losses in performance of 4.46% and 3.19%, respectively. The fact that the pseudo label
performance is close to or better than their reported scores, but that the segmenta-
tion mask performance is so degraded suggests there is an issue with the segmentation
model in the pipeline. Nevertheless, we will use the same segmentation model, but use
our reimplemented results for comparisons to our contributions. Specifically for COCO,
we will mainly use MCTFormer+ with CCT as a baseline and only include the version
without CCT when necessary.

Note that both MCTFormer and MCTFormer+ primarily focus on improving perfor-
mance for VOC and therefore include analysis of their model on VOC only (e.g. per-
forming ablation studies and providing empirical validation for some hyperparameter
choices). Results on COCO in their papers are only included for completeness, and only
at a high level (i.e. for the final version of their model). In contrast, we are primarily
focusing on COCO, because of its increased class co-occurrence.

4.4 Experimental Details

This section outlines the experimental procedures and implementation details em-
ployed. The data utilised in all experiments is described in Section 3.2. As the test
set for both PASCAL VOC 2012 and MS COCO 2014 is held-out, we follow prior work

3Intuitively, the model makes its pseudo label prediction based on image features, and measures
performance by comparing the prediction to the ground-truth masks. Therefore, if the labels are of
better quality, then they more closely resemble the image content, and the performance, as measured
against them, will be improved.
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Classes (IoU)
bkg plane bike bird boat bottle bus car cat chair cow table dog horse mbk person plant sheep sofa train tv mloU
MCTFormer [Xuetal. 2022] X 91.9 783 39.5 89.9 559 76.7 81.8 79.0 90.7 32.6 87.1 57.2 87.0 84.6 77.4 79.2 55.1 89.2 47.2 704 58.8 71.9
MCTFormer+ [Xu et al. 2024] v 93.3 87.0 37.8 91.1 66.8 79.9 87.4 82.2 91.3 32.1 848 58.8 86.2 822 79.0 822 544 87.5 50.0 82.0 57.3 74.0

MCTFormer+ (ours) v 90.21 72.70 33.52 88.89 54.11 77.74 83.40 80.41 88.19 32.23 83.39 55.51 84.46 80.28 72.96 67.09 51.30 86.48 47.76 72.70 60.54 69.71
Difference -3.09 -14.30 -4.28 -2.21 -12.69 -2.16 -4.00 -1.79 -3.11 0.13 -1.41 -3.29 -1.74 -1.92 -6.04 -15.11 -3.10 -1.02 -2.24 -9.30 3.24 -4.29

Models CCT

Table 4.2: Comparison of reported class scores against our reimplemented results, for
the val set of VOC. These scores are the final segmentation scores. The last shows
the difference between our reimplemented scores and the reported scores (ours minus
theirs).

[Ru et al. 2023; Xu et al. 2024; Yang et al. 2024] and use the validation set as the de-
facto test set for reporting results. Importantly, the validation set is not used to guide
model development or hyperparameter tuning. When a true “validation” set is required
for specific tests, we randomly split the training set into a new training and validation
set with an 80/20 ratio to prevent data leakage. However, all other experiments and
descriptions of pseudo label quality present results on the entire training set.

Due to the absence of a traditional validation set, hyperparameter settings from prior
work are largely adopted [Xu et al. 2024]. That is, we train our MCTFormer+-based
dual-branch models for 45 epochs and the subsequent segmentation model for 30
epochs. This decision is further supported by Figure 5.2, which shows that training
the dual-branch model for 45 epochs is reasonable and does not result in overfitting.
Despite this, the batch size was adjusted from 32 to 16 to accommodate the memory
limitations of the available hardware, specifically an NVIDIA RTX 3090 GPU, which has
24GB of VRAM. It is possible that the difference we see in the performance of our reim-
plemented MCTFormer+ model compared to the reported scores, in Section 4.3.5, may
be the result of this reduced batch size.

The base model, MCTFormer+, is built using DeiT-S as the backbone [Xu et al. 2024;
Gao et al. 2021; Touvron et al. 2021], initialized with pretrained weights from ImageNet
[Deng et al. 2009]. Furthermore, each class token is initialised using the pretrained
class token from DeiT-S [Touvron et al. 2021]. We also reuse data augmentation tech-
niques and training hyperparameters established by Xu et al. [2024], which, in turn,
are derived from the methodologies described in Gao et al. [2021] and Touvron et al.
[2021].

The semantic segmentation network employed in this work follows prior conventions
and utilises DeepLab-V1 [Ahn and Kwak 2018; Zhang et al. 2020 2021; Xu et al. 2021
2024] with a ResNet38 backbone [Wu et al. 2019]. This network is also initialised with
pretrained weights from ImageNet. For inference, we adopt a multi-scale input strategy
along with post-processing using Conditional Random Fields (CRFs) [Liang-Chieh et al.
2015].

Given the limited computational resources, it was not feasible to exhaustively evaluate
all model configurations. Instead, we used configurations that previously demonstrated
promising performance as a starting point and selectively explored alternative configu-
rations as required.
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The primary evaluation metric for our experiments is the Intersection over Union (IoU),
as described in Section 2.2.1. While most existing work focuses on overall performance
and emphasises the mean Intersection over Union (mlIoU), this work also places partic-
ular emphasis on the IoU of specific co-occurring classes of interest.

The codebase for this research will be made publicly available after the dissertation
examination period is completed or once the work is accepted and published.

4.5 Our Approach

This work aims to rectify the class co-occurrence problem (Chapter 3) and it shows that
our framework can either maintain or improve the performance for co-occurring class
pairs.

Initially, we present our final model which consists of two main concepts: cross image
attention and contrastive learning. The intuition and mechanics of the final cross im-
age attention used is presented in Section 4.5.1, and an ablation study is performed
in the next chapter, Chapter 5, to justify our design choices. Only the intuition for
the contrastive learning component is developed in Section 4.5.2, with the mechanics
developed in Chapter 6 along with a corresponding ablation study:.

Chapter 3 found that the COCO dataset has worse class co-occurrence than the VOC
dataset. However, COCO is substantially larger than VOC and therefore takes longer to
obtain results. Consequently, we conduct initial experiments using VOC, before transi-
tioning to COCO for the bulk of our experiments.

Following prior work [Xu et al. 2024; Yang et al. 2024; Ru et al. 2023], we present
segmentation performance only for the final versions of our models. Any work spent
developing our framework will report the pseudo label performance because they are
directly influenced by our contributions and will not be diluted or artificially inflated
by a downstream segmentation model.

4.5.1 Final Cross Image Attention

Our final model builds upon MCTFormer+ [Xu et al. 2024] by taking inspiration from
RCA [Zhou et al. 2022]: RCA is initially presented in Section 2.3.3, but, briefly, lever-
ages other images in the dataset to provide contextual information when segmenting
the image at hand. This is contrary to other works, which primarily focus on improving
methods for extracting the maximum amount of information from a single image as
opposed to utilising multiple images at once.

A natural application of multiple images’ context in a transformer-based framework is
to use cross image attention to share information between images. Specifically, the
information needs to be exchanged between different attention modules, as described
in Section 4.2.1. Additionally, although other cross attention methods exist [Chen et
al. 2021; Lin et al. 2022], we choose to use the method of exchanging the Query ma-
trices between self-attention modules due to its simple and intuitive interpretation for
solving the class co-occurrence problem. As mentioned in Section 4.1.1.4, this cross
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attention method can be viewed as a question-answer model, where the query vector
for a class or patch token asks “questions” of all other class and patch tokens, which
provide “answers” by way of their key vector.

Refining the query vector for a co-occurring class (i.e. asking more “pertinent” ques-
tions) does not immediately transfer to an increase in quality for this class’s attention.
This will only occur if the key vector is also pure (i.e. correlated to the refined query
vector). That is, refining the query vector will only lead to improved attention if there
is already a good quality and related key vector, which will only occur for a class or
patch token if that class is present in the image or in that patch, respectively. If the key
vector is impure, then the dot product between the query and key will show they are
uncorrelated and the attention will not be impacted.

We hypothesise that for co-occurring classes in the image, the attention mechanism
struggles to disambiguate them, and that by transferring information from the auxiliary
image’s query vector for this co-occurring class, we can refine the current image’s query
vector by introduce a pure and high-quality query vector from an image that does not
suffer from an ambiguous nature (i.e. the auxiliary image does not have both classes
present).

Our framework uses a dual-branch structure, where each branch is an identical MCT-
Former+ transformer encoder, and two images are passed through the primary and
auxiliary branches, respectively. Note that the terms “primary” and “auxiliary” are
simply the names given to each branch to distinguish them based on the image they
process; the branches are identical and are, in fact, Siamese networks, sharing both
architecture and weights. The “primary” image is the image being segmented and the
“auxiliary” image is the one from which additional information is taken. During train-
ing, we choose a single auxiliary image to enhance the information we have about the
primary image; during inference, we simply pass the concerned image through the pri-
mary branch without having chosen an auxiliary image. That is, no cross attention is
performed during inference.

Information transfer occurs by augmenting the Query vector for select layers in the
Primary branch with the Query vector from the corresponding layers in the Auxiliary
branch (we call this method Cross Image Attention from the Auxiliary to the Primary
branch — CIA-AP). We perform an ablation study in Chapter 5 over possible augmenta-
tion methods, such as exchanging the queries between the branches entirely, which we
find quite inadequate, and by summing the query vectors. Following concerns about
the scaling implication of the summation, we investigate taking the mean of the query
vectors, which we find the most beneficial, and so we use it here. The intention here
is to artificially improve the quality of the resulting attention for image regions cor-
responding to the co-occurring classes, thereby promoting their inclusion in the final
localisation maps for those classes.

Figure 4.9 provides a graphical overview of our framework. The classification mod-
ule, PatchCAM module, and attention map refinement procedure are all inherited from
MCTFormer+. Note that there are additional CCT and CCT Prime modules included,
which are conceptually and intuitively introduced in Section 4.5.2.
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Figure 4.9: High-level Overview of our Dual-Branch model. The Primary (Image 1)
and Auxiliary (Image 2) images are passed through different branches of our dual-
branch shared-weight transformer encoder (the dotted line represents a different im-
age passing through the same network). Cross Image Attention is applied from the
auxiliary branch to the primary branch to enhance the attention for identified Class Co-
occurrence pairs in the primary image. CCT (Chapter 6) is applied to the class tokens
at each layer of the transformer and the layers’ contrastive losses are averaged together
to obtain a single contrastive loss value. The class tokens are then passed through a
classification module (green) where average pooling is applied to get a single score
per class, which is used for training against the image-level labels, after a sigmoid ac-
tivation. Simultaneously, the patch tokens are passed through the PatchCAM module
(red), where they are converted from d dimensions to C' dimensions (C' is the number
of classes), before a Global Weighted Ranking Pooling layer is applied to get a single
score per class, which is used for training against the image-level labels, after a sigmoid
activation. The attention maps from the transformer are combined with the CAM from
the PatchCAM convolutional layer, before being refined using the patch-to-patch atten-
tion as Patch Affinity, to obtain the final class-specific localisation maps.
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4.5.1.1 Mechanics

Let z, and z, be the primary and auxiliary images, respectively, with corresponding
class label sets y, and y,. y, and y, are further refined to only include pre-determined
co-occurring classes, producing z, and z,. That is, if i and j are two classes in the
dataset, they are considered to be co-occurring if Cooccurrence(i, j) > t, for a chosen
threshold ¢ € [0, 1]. Only under this condition will such classes present in y, and y, be
present in z, and z,, respectively. That is, for all i, j € y,, Cooccurrence(i, j) > t <=
i € 2, N j € z,. However, constructing z, from y, is contingent on z,: for all i € z,,
i €y, = 1 € z,, meaning that for a class to be in z,, its co-occurring pair does not
have to be in y,. This is because z, is chosen such that it has certain properties.

In order to refine the query vector for a class from a co-occurring pair in the primary
image, the auxiliary image needs to have a pure version of this class’s query vector. That
is, if the primary image has both classes from a co-occurring pair, then the auxiliary
image must only have one of them. Therefore, z, is specifically chosen such that for a
co-occurring class pair (¢, j) in z,, exactly one is present in z,. That is, if i, j € z,, then
choose x, such thati € z, A j & z, ori & z, \ j € z,, but not both. We do not restrict
which class of the co-occurring pair is present in the auxiliary image.

Let s € S be the set of co-occurring class indices that appear in both the primary and
auxiliary images. That is, S € {0,1,---,C — 1} is the set of all class indices, and
s = 2, N z,. From this, we know, by definition, z, C y, C S and z, C y, C S.

Now, let Q) and Q] be the learnt query matrices for a particular transformer layer,
l€{0,1,---,L — 1}, for the primary and auxiliary branches, respectively. In our case,
L = 12, which is inherited from MCTFormer+. Q contains the query vectors for all the
class and patch tokens in the respective image. Then the primary image’s Query matrix
is refined according to

QL. s) « g (f(QL,s), f(QL.s)), (4.12)

where QZ{W} e RE+N*)xd ' is the number of class tokens, N? is the number of patch
tokens, and d is the dimensionality of the tokens.

g is the query augmentation function used to combine the primary query vectors with
the auxiliary query vectors. We find that of the augmentation methods considered
during our ablation in Chapter 5, the mean is the most favourable method. Therefore,
for two sets of query vectors, A and B,

1
where A + B is performed token-wise. That is, the primary query vector for a class or

patch token 7' is added to the auxiliary query vector for token 7'.

f is a masking function applied to the set of query vectors such that g only operates on
certain class or patch query vectors. Let P = {@,{C,C + 1,--- , N? — 1}} be the set of
none or all the patch token indices, offset by the number of classes. P can be manually
set not to include any patch token indices, which means the cross attention will not be
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applied to any patch query vectors. Specifically,
f(Q,s) = Qlsup, (4.14)

where Q| p only includes query vectors for class or patch indices in s U P.

To reiterate, each Q comprises multiple, stacked query vectors, equal to the total num-
ber of class and patch tokens. By default, Equation (4.14) uses both the class and patch
tokens for the Query matrix augmentation (i.e. s includes specific class indices and
P includes all the patch indices), but we can also use only the class tokens by using
P = @. The intuition behind using only the class tokens is that they are the entity
that encode class information at the image level, and the patch tokens encode what-
ever the relevant information in that patch is. Consequently, when we perform the
cross image attention, we want to exchange high-level information, and not patch-level
information, since the patches in the two images will be different.

4.5.1.2 Mechanics Example

Consider a hypothetical co-occurring pair of classes mouse and keyboard, where
Cooccurrence(mouse, keyboard) > t, for the chosen ¢t = 0.45. Another class, toaster, ex-
ists, that does not occur with mouse or keyboard. That is, Cooccurrence(mouse, toaster) <
t and Cooccurrence(keyboard, toaster) < t.

If we have a primary image, z,,, with all three classes, then y, = {mouse, keyboard, toaster},
but z, = {mouse, keyboard}.

We choose the auxiliary image, z,, with y, = {mouse, toaster} because it only has one
of the mouse and keyboard co-occurring pair. Therefore, mouse € z, and mouse € y,
implies that mouse € z,.

Consequently, s = z, N z, = {mouse}.

Therefore, when the cross image attention in Equation (4.12) is applied with the mean
augmentation method from Equation (4.13), f ensures the cross attention is only ap-
plied to the query vector for mouse and not for keyboard or toaster. Because we have
not manually set P = &, f also allows the cross attention to be applied to all the patch
query vectors.

4.5.2 CCT Prime

An intuitive understanding of two contrastive learning models, CCT and CCT Prime, is
developed in this section. This will offer foundational context when these elements are
included in the remaining presentation of our final framework, but allows us to present
the mechanics and analysis of these methods during their development in Chapter 6.

Contrastive Class Tokens (CCT) from MCTFormer+ [Xu et al. 2024], is a contrastive
learning module designed to enhance the separation of class tokens within a trans-
former model. Its core premise is rooted in the assumption that the dataset’s classes
are distinct and non-hierarchical. Therefore, the class tokens, which encode each class’s
characteristics, should be entirely disentangled from one another.
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Xu et al. [2024] observed that the class-specific localisation maps within the model
often overlap significantly. They attributed this to the fact that the classification loss
primarily influences only the final layers of the transformer, on which classification
decisions are most heavily dependent. As a result, the earlier layers might not be ade-
quately trained to distinguish between different classes. To address this, CCT attempts
to provide more consistent supervision for the class tokens throughout the network.

The mechanism behind CCT involves constructing a similarity matrix by taking the ma-
trix product of the class tokens with themselves. This operation effectively computes
the dot product between all pairs of class tokens, including their self-similarity. The
resulting matrix’s main diagonal represents the similarity of each class token to itself,
while the off-diagonal elements correspond to similarities between different class to-
kens.

CCT aims to transform this similarity matrix into something resembling an identity
matrix: the diagonal elements are encouraged to become 1 (indicating strong simi-
larity with themselves), while the off-diagonal elements are encouraged to become 0
(indicating minimal similarity between different classes). This approach is intended
to encourage orthonormality among the class tokens. However, this objective is only
applied to the tokens corresponding to classes present in a particular image, achieved
through masking.

In practice, however, this orthogonal structure is not strictly achieved. Instead, the class
tokens are aligned in broad directional clusters, where tokens corresponding to present
classes tend to point in a distinct direction, and tokens for absent classes tend to point in
an almost opposite direction. Each class token still points in a distinct direction within
these general directional clusters. This creates a conic structure where the directions of
class tokens are not necessarily orthogonal but are still separated enough to allow for
meaningful classification.

Within our dual-branch framework, CCT is applied independently to each branch, fol-
lowing MCTFormer+. While this does promote a certain level of alignment within each
branch, it does not guarantee alignment between the two branches. In other words, the
“present” direction in the primary branch may not coincide with the “present” direction
in the auxiliary branch. Despite this misalignment, the classification module in each
branch can still reach correct classification decisions because, on average, the tokens
for present classes will still point in the same general direction.

However, this lack of alignment between branches poses a significant challenge for the
cross attention mechanism, which relies on the assumption that the representations are
aligned to effectively exchange information between the branches. This is where CCT
Prime comes in. CCT Prime is introduced as an additional learning module specifically
designed to ensure alignment between the branches. While CCT encourages separation
within each branch, CCT Prime focuses on promoting compatibility between the repre-
sentations of the two branches, making the cross attention mechanism more effective.

By ensuring that the class tokens from the primary and auxiliary branches are aligned
during training, CCT Prime provides a more robust foundation for the cross atten-
tion mechanism to operate. This alignment is particularly crucial when dealing with
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co-occurring classes, where subtle differences between classes must be accurately iden-
tified and exchanged between branches.

4.5.3 Loss Function

The overall loss function is largely inherited from MCTFormer+, which has classifi-
cation loss components for the predictions made by the classification and PatchCAM
modules, as well as a contrastive learning loss component from the application of CCT.
Seeing as we are using a dual-branch framework, where each branch is an instance of
MCTFormer+, these two classification components and the contrastive learning com-
ponent will be duplicated in that they will be present for both branches. Additionally,
we have introduced another contrastive learning module, CCT Prime, conceptually in
Section 4.5.2.

The loss from the classification module of each branch, which uses the class tokens to
make the predictions, is:

Ll = MultiLabelSoftMarginLoss (yglass_pred, Yiabel) (4.15)

cls—class

where y%. . .. € R is the vector of predicted class scores for branch b € {p,a}
(Primary and Auxiliary branches, respectively) and yi.,. € {0, 1} is the vector of class
labels. y%.._ ,q is Obtained by passing the class tokens from the final layer of the
specified branch’s transformer to Equation (4.4).

The loss from the PatchCAM module of each branch, which uses the patch tokens to
make the predictions, is:
£b

cls—patch

= MultiLabelSoftMarginLoss (ygatch_pred, Yiabel) ; (4.16)

where y¥. 4 ..q € RY is the vector of predicted class scores for branch b € {p,a}
(Primary and Auxiliary branches, respectively) and yi.,. € {0, 1} is the vector of class
labels. y?.i4_preq 1S Obtained by passing the patch tokens from the final layer of the
specified branch’s transformer to the PatchCAM module, which passes them through a
convolution layer and into a Global Weighted Ranking Pooling layer, as described in
Equation (4.5).

The two contrastive learning loss components are from CCT (inherited from MCT-
Former+) and an additional module, CCT Prime. The CCT loss is applied to each
branch, yielding £ and L.y for the primary and auxiliary branches, respectively.
The CCT Prime loss, Lccrprime, iS applied to both branches simultaneously, and so there
is only a single instance of it. The CCT and CCT Prime losses are described in Equa-
tion (6.4) and Equation (6.19), respectively.

The total loss is a weighted combination of the classification and contrastive learning
loss components:

— P a
»Ctotal - a‘ccls—class + ﬁf’clsfclass

+ "Y‘Cf:)ls—patch + ¢‘Cgls—patch (417)
+ ¢ (Lot + Lécr) + wLeoTprime,
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where «, 3, v, and ¢ are the loss weights for the classification components and are
set to 1 (which is an empirical setting inherited from MCTFormer+). ) and w are the
loss weights for the contrastive learning components and are empirically set to 0.01 in
Section 6.3.5.

4.5.4 Results

This section presents the pipeline of results using the final model configuration. Two
high-performing model configurations are included, since they have merit in different
areas. The complete configurations are:

1. Cross Image Attention, as described in Equation (4.12), using mean augmenta-
tion, as described in Equation (4.13).

2. In Equation (4.14), when s = @&, we set P = @. Briefly, since our cross atten-
tion and mining strategies are designed to target co-occurring class pairs, when
the primary image does not have a co-occurring pair of classes, then cross atten-
tion will not be performed on any class query vectors. By setting P = &, cross
attention is not applied to the patch query vectors either.

3. Co-occurrence threshold such that the top 10 class pairs are included. This is
0.0976 for VOC and 0.2491 for COCO.

4. Cross attention applied separately to the two layer groupings 3, 5, 6, and 6, 7,
8. This results in two main main configurations, where all other settings are the
same.

5. The disabling of patch cross attention mentioned in Item 2 only applies when no
classes have been selected for cross attention. An additional approach is taken for
the (3, 5, 6) layer model, where patches are never used for cross attention (i.e.
the patches are “excluded”). The (6, 7, 8) layer model still includes them if at
least one class is chosen for cross attention.

6. CCT and CCT Prime loss weightings of 0.01.

The particular choices for these parameters are examined in detail through ablation
studies presented in Chapter 5 and Chapter 6. Chapter 5 focuses on investigating the
effectiveness of our Cross Image Attention (CIA-AP) mechanism, including the influ-
ence of different layer groupings, augmentation methods, and patch attention config-
urations. Chapter 6 explores the impact of our contrastive learning modules, CCT and
CCT Prime, including their weighting and compatibility with the cross attention mech-
anism. These ablation studies aim to provide deeper insight into the contributions of
each component to the overall performance of our model.

Initially, we re-conduct the experiment from Section 3.4.2 and compare the perfor-
mance of pseudo labels of our dual-branch framework to MCTFormer+, for varying
levels of co-occurrence. Specifically, we only use the (6, 7, 8) layer model due to re-
source constraints. Figure 4.10 shows this comparison for the same class pairs chosen
previously, which are distributed over high and low original levels of co-occurrence to
test whether the trends hold under those different conditions. We previously found that
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MCTFormer+ generally suffered decreasing class performance as the co-occurrence
increased, and find that the same happens for our dual-branch model. However, in
most cases for COCO, our model outperforms MCTFormer+ and often does so by a
substantial amount. This does not hold for the Bicycle and Motorcycle class pair in
Figure 4.10f, where the two models perform similarly (and MCTFormer+ even outper-
forms our model) for all co-occurrence levels. We conjecture the reason this occurs is
due to lack of data: in all the other COCO pairs studied, there are a reasonable number
of images containing those pairs which are used, but only 318 images contain both the
bicycle and motorcycle pair. In order to keep the number of images constant across
the co-occurrence levels for a class pair, we cannot increase this number further, and
the sheer lack of images is the primary reason for the degraded performance in both
models.

On the other hand, the two pairs studied for VOC generally agree with this trend. The
chair class generally outperforms MCTFormer+ by a large amount whilst the dining
table slightly underperforms MCTFormer+. The car and person classes perform sim-
ilarly for both models. We conjecture that the lack of general difficulty and images
in VOC mean MCTFormer+ already performs reasonably well, even on the higher co-
occurrence class pairs, and there is little room for our targeted improvement.

Across all the examined cases, when co-occurrence reaches 100%, the classes never
occur without the other in its pair, which means the model cannot learn to effectively
classify them (e.g. label flipping occurs), and the model does not have data to dis-
ambiguate their features from each other. Hence, the performance for both models is
greatly reduced and cannot be reasonably compared.

Scaling up to the complete datasets, Figure 4.11 shows the performance of our two
dual-branch models on the co-occurring class pairs of interest (i.e. the class pairs with
high co-occurrence in each dataset). Firstly, for both VOC and COCO, our two models
perform quite similarly to each other for all the indicated classes and for the overall
mloU performance, with any improvement of one over the other being marginal. For
VOC, both our models outperform MCTFormer+ (both with and without CCT) for the
co-occurring pair of Chair and Dining Table, but perform similarly to both baselines for
the overall mIoU score. For COCO, both our models outperform MCTFormer+ (with
CCT) for all the co-occurring classes and often do so by a substantial amount. For
example, Baseball Glove and Mouse nearly double their performance over the baseline.
Our models also outperform the No CCT MCTFormer+ baseline, except for the (3, 5,
6) layer model on the Knife class, which performs slightly worse, and the (6, 7, 8) layer
model on the Knife class and both models on the Fork class, which perform on-par
with the baseline. Both our models also perform similarly to the COCO overall mIoU
performance.

The fact that we achieve these substantial improvements for co-occurring class pairs
is a resounding success. However, the mloU remains on-par with the baseline, which
means that for other, “normal” classes in each dataset, we have suffered a performance
loss. The complete set of results for all the classes is presented in Table 4.3 and Ta-
ble 4.4, for VOC and COCO, respectively — this includes the pseudo label performance
and the segmentation mask performance. The results over the class are ordered by the

57



== Chair (MCT) == Dining Table (MCT) == Chair (DB) == Dining Table (DB) == Car (MCT) == Person (MCT) == Car(DB) == Person (DB)

70
60
50

40 (7

loU

30 free-

20

0 0
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
Co-occurrence Level Co-occurrence Level
(a) Chair and Dining Table (VOC) — 29.01% (b) Car and Person (VOC) — 10.96%
= = Baseball Bat (MCT) == Baseball Glove (MCT) == Baseball Bat (DB) == Mouse (MCT) == Keyboard (MCT) == Mouse (DB) == Keyboard (DB)
== Baseball Glove (DB) 60
20.0
175 50
150 | | 2
125 |
5 100 3 ¥
°
75
5.0
25
0.0 0
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
Co-occurrence Level Co-occurrence Level

(c) Baseball Bat and Glove (COCO) — 47.23% (d) Mouse and Keyboard (COCO) — 46.63%
== Bicycle (MCT) == Motorcycle (MCT) == Bicycle (DB) == Motorcycle (DB) == Cup(MCT) == Chair (MCT) == Cup(DB) == Chair (DB)
70 40
60 |
50 [

40

loU

30

20

10

0 0
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100

Co-occurrence Level Co-occurrence Level

(e) Bicycle and Motorcycle (COCO) — 7.21% (f) Cup and Chair (COCO) — 15.88%

Figure 4.10: Comparison of MCTFormer+’s performance to our dual-branch model’s
performance for various pairs of classes over artificially changing co-occurrence levels.
Results shown are for the training set pseudo labels. The first row comprises class pairs
from VOC and the last two rows comprise class pairs from COCO. The specific class pair
and its original level of co-occurrence is stated in each sub-plot’s caption. Each class in
a pair is assigned a colour for both models (either blue or red). MCTFormer+ results
are shown by dotted lines and results for our dual-branch model are shown by solid
lines. The black points denote the original level of co-occurrence for reference.
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Figure 4.11: Comparison of the two best-performing dual-branch models to MCT-
Former+ (with and without CCT) for co-occurring class pairs of interest. Results shown
are for the training set pseudo labels. The dual-branch models have cross attention ap-
plied to layers (3, 5, 6) and (6, 7, 8), respectively. The upper plot is for VOC and the
lower one is for COCO.
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“Improvement Factor”, which is the ratio of our best performing model to MCTFormer+
(with CCT) for the pseudo labels — we use the pseudo labels because they are not af-
fected by anything other than our contributions. When considering the pseudo labels,
it is evident that the small mIoU decrease of our model compared to MCTFormer+
(by £0.2%) is primarily due to our performance gain on co-occurring classes being
offset by small decreases in performance across the other classes, which then has the
cumulative effect of “cancelling out” our gain. However, both our models outperform
the reimplemented MCTFormer+, with and without CCT, for the training and valida-
tion segmentation masks for COCO, and for the training segmentation masks for VOC,
which, combined with the large increase for co-occurring classes, is a notable result.
VOC’s validation segmentation masks come quite close to outperforming MCTFormer+
(within 0.01%).

Since the results in Table 4.3 and Table 4.4 are ordered by the Improvement Factor,
classes higher in the table achieved a larger performance increase using our method.
The classes with high co-occurrence (which we consider) have been indicated in the
table, and most of these classes are situated close to the top of the table. That is, our
method performs better for classes with a naturally high co-occurrence in VOC and
COCoO.

Additionally, the two tables include the ratio of performance of our models to the
scores obtained by training the segmentation model (DeepLab-V1) with the ground-
truth masks, thereby giving us an indication of how close our models are to achieving
“perfect” performance. The segmentation scores for the training and validation sets
for VOC and COCO, learnt using ground-truth supervision, are presented in Table A.1
and Table A.2, respectively. Considering the VOC co-occurring classes in Table 4.3, the
“chair” segmentation masks on the validation set actually outperform using the ground
truth supervision. This is a phenomenon repeated for the “knife” and “fork” COCO
classes in Table 4.4, except that these two classes outperform ground-truth supervision
for the pseudo labels and the training set’s segmentation masks as well. This is an en-
couraging result, since it suggests our pseudo labels are able to present co-occurring
class information in such a way that the segmentation model finds it more useful than
the ground-truth masks.

Possible reasons that could induce the behaviour of co-occurring classes of interest
performing much better and other, non-co-occurring classes performing slightly worse
are:

1. There is increased supervision for the co-occurring classes, which means the cur-
rent set of weights are more motivated to solve the co-occurring cases. This could
potentially leave less “capacity” in the weights for other classes. This can be con-
firmed by increasing the size of our models.

2. When there are no co-occurring class pairs in the primary image, then no special
mining strategy is used to choose the auxiliary image. Instead, random mining is
used, which would bias the auxiliary branch to receive more instances of the more
common classes in the dataset. Seeing as this branch still performs classification
on this image and updates the same shared set of weights, then the model could
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High | Pseudo Labels (Train Set) | Segmentation Masks (Train Set) | Segmentation Masks (Val Set) | Improvement

Classes Co-occurence | MCTFormer+ Ours MCTFormer+ Ours MCTFormer+ Ours Factor ,
CCT NoGCT| (3,5,6) (6,7,8) | CCT NoCCT| (3,5,6) (6,7,8) | GCT NoCCT| (3,5,6) (6,7,8) | (ours/MCT’+)
person 61.20 71.61 70.82(0.84) 68.31(0.81) | 66.08 80.78 80.64 (0.96) 79.52 (0.94) | 67.09 80.58 80.34 (0.97) 79.91 (0.97) 1.157
chair v 35.03 36.02 40.30 (0.93) 38.71(0.89) | 36.08 34.69 37.56 (0.86) 38.83(0.89) | 32.23 29.73  34.12(1.01) 34.50 (1.02) 1.150
boat 50.33 56.03 56.38 (0.70) 56.35(0.70) | 59.41 67.02 70.64 (0.88) 69.90 (0.87) | 54.11 55.63  59.55(0.88) 59.79 (0.88) 1.120
diningtable v 57.62 57.04 59.92(0.78) 58.34(0.76) | 67.08 67.97 67.83(0.88) 66.98 (0.87) | 55.51 56.29  56.92 (0.92) 55.70 (0.90) 1.040
car 71.03 72.75 73.35(0.87) 73.56 (0.87) | 80.45 79.44 80.45 (0.95) 78.71(0.93) | 80.41 80.00 80.18 (0.97) 79.11 (0.96) 1.036
sheep 77.89  79.83  79.09 (0.86) 79.39 (0.86) | 90.54 90.85 91.41(0.99) 91.59 (0.99) | 86.48 85.69  85.01 (0.95) 86.12 (0.96) 1.019
motorbike 73.56  71.89  72.21 (0.86) 74.82(0.89) | 76.21 78.52 78.05(0.93) 77.69 (0.93) | 72.96 75.71  74.29 (0.91) 75.69 (0.93) 1.017
bicycle 39.38 38.40 39.87(0.78) 39.71(0.77) | 43.17 42.27 44.41(0.87) 43.45(0.85) | 33.52 33.20 33.70 (0.90) 32.69 (0.88) 1.012
bird 71.00 74.45 70.04 (0.80) 71.65(0.82) | 88.65 87.53 83.98 (0.96) 85.98 (0.99) | 88.89 88.34  88.25 (1.00) 88.46 (1.00) 1.009
aeroplane 64.15 63.96 64.50 (0.73) 64.55(0.73) | 73.91 72.38  73.61 (0.83) 72.34 (0.81) | 72.70 70.53  71.97 (0.83) 71.20 (0.82) 1.006
background 87.79 88.13 87.79(0.93) 87.77(0.93) | 90.69 91.20 91.27 (0.97) 91.28 (0.97) | 90.21  90.59  90.76 (0.97) 90.74 (0.97) 1.000
horse 76.87 76.92 75.85(0.84) 76.59 (0.85) | 86.83 87.82 86.77 (0.96) 86.04 (0.95) | 80.28 80.26  79.38 (0.96) 78.09 (0.95) 0.996
bus 78.10 7535 76.67 (0.87) 76.81(0.87) | 82.14 82.67 84.11(0.95) 83.76 (0.95) | 83.40 82.70 83.31 (0.94) 83.65 (0.94) 0.983
train 67.67 65.47 66.45(0.77) 66.54(0.77) | 72.07 72.12  72.64 (0.84) 73.13(0.85) | 72.70  73.70  74.43 (0.92) 74.58 (0.92) 0.983
cow 79.48 77.89  78.00 (0.91) 78.01 (0.91) | 85.08 84.99  84.28 (0.98) 84.38 (0.98) | 83.39 81.90  79.92(0.97) 80.98 (0.98) 0.982
cat 86.74 85.65 84.07 (0.90) 84.18 (0.90) | 92.41 92.54 92.73 (0.99) 92.65 (0.99) | 88.19 88.59  88.29 (0.98) 88.71 (0.99) 0.970
bottle 65.10 66.83 61.36 (0.75) 62.81(0.77) | 78.25 77.36  75.69 (0.93) 78.74 (0.97) | 77.74 75.22  73.70 (0.94) 77.02 (0.99) 0.965
dog 84.41 8220 80.91(0.87) 81.19 (0.88) | 91.09 90.69  90.45 (0.98) 90.66 (0.98) | 84.46 84.54  84.26 (0.98) 84.89 (0.99) 0.962
pottedplant 52.75 49.64 49.36 (0.70) 47.83 (0.68) | 59.87 61.42 58.48 (0.83) 58.42(0.82) |51.30 48.85 49.60 (0.95) 48.85 (0.93) 0.936
sofa 68.29 64.64 58.78 (0.99) 59.94 (1.01) | 56.52 55.20 56.44 (0.95) 56.38 (0.95) | 47.76 46.78  47.14 (0.98) 46.35 (0.96) 0.878
tvmonitor 59.57 48.01 44.74 (0.64) 45.09 (0.65) | 63.86 49.62  47.94 (0.69) 49.99 (0.72) | 60.54 44.37  44.45 (0.70) 46.62 (0.74) 0.757
mloU | 67.04 66.80 66.21 (0.82) 66.29 (0.83) | 73.35 73.67 73.78 (0.92) 73.83 (0.92) | 69.71 69.20 69.50 (0.94) 69.70 (0.94) | 0.989

Table 4.3: The performance for each class of our final models on VOC. The IoU per-
formance is reported for each class in the dataset, for the training set’s pseudo labels,
and the training and validation sets’ segmentation masks (these form the three ma-
jor column groupings). The reimplemented scores for MCTFormer+, with and without
CCT, make up the first two columns in each group, respectively. The final two columns
present the scores for our final model, where cross attention is applied to the layer
groups 3, 5, 6, and 6, 7, 8, respectively. For our models’ results, the ratio to the per-
formance of the segmentation model trained on the ground truth masks is shown
(“c0” refers to segmentation scores of 0 when training with ground truth super-
vision). The checkmark in the second column indicates the classes we have generally
considered highly co-occurring. The results are ordered by the final column (the Im-
provement Factor), which measures the ratio of performance for the pseudo labels of
our models (the maximum of both models) to MCTFormer+ (with CCT), and a line
separates the classes we improved on from the ones we did not. For each of the major
groupings, the highest score per class is shown in bold.
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| Pseudo Labels (Train Set) | Segmentation Masks (Train Set) | Segmentation Masks (Val Set) | Improvement

High
Classes Co-occirence MCTFormer+ Ours MCTFormer+ Ours MCTFormer+ Ours Factor "
CCT NoCCT| (3,5,6) 6,7,8) | CCT NoCCT| (3,5,6) 6,7,8) | CCT NoCCT| (3,5,6) 6,7,8 | (ours/MCT'+)
baseball glove v 653 878 13.24 (0.32) 12.85(0.32) | 7.23 978 23.83 (0.58) 18.65(0.46) | 5.63 859 18.46 (0.55) 14.80 (0.44) 2.028
mouse v 1462 1936 27.05(0.55) 27.28 (0.56) | 1602 21.56 38.34 (0.79) 35.06 (0.72) | 1257 16.67 31.30 (0.75) 28.42 (0.68) 1.866
tie 882 13.23 14.78 (0.58) 12.99 (0.51) | 7.77 1412 17.35(0.68) 13.24 (0.52) | 581 859 12.37(0.56) 8.61 (0.39) 1.676
tennis racket 934 15.07 13.25(0.22) 14.56(0.24) | 9.08 19.03 15.65(0.26) 19.70 (0.33) | 9.45 19.01 16.62(0.28) 20.52 (0.35) 1.559
skis 688 1021  9.76(1.29) 10.27 (1.36) | 8.56 1236 1231 (1.63) 11.63 (1.54) | 9.10 13.10 1244 (1.49) 12.14 (1.46) 1.493
baseball bat v 508 456  611(0.36) 7.13(0.41) | 355 277  643(0.37) 8.64(0.50) | 2.62 212  4.75(0.36) 7.23 (0.55) 1.404
toaster 28.00 3674 35.60 (644) 39.16(7.07) | 1.01  3.06 8.88(1.60) 5.15(0.93) | 0.33 094  2.96(0.49) 0.93 (0.16) 1.399
frisbee 3246 3580 4128 (0.70) 42.35(0.72) | 57.37 58.82 62.55(1.06) 58.25 (0.99) | 54.30 5611 59.69 (1.10) 57.53 (1.06) 1.305
skateboard 1438 1681 17.71(0.43) 18.49 (0.45) | 13.60 16.01 20.09 (0.49) 18.47 (0.45) | 13.54 1544 19.24 (0.61) 18.03 (0.57) 1.286
knife v 1570 19.75 1871 (1.16) 19.82(1.23) | 1637 1892 20.56 (1.28) 18.90 (1.18) | 1293 16.88 17.49 (1.30) 17.41 (1.30) 1.262
handbag 1571 19.08 19.41(1.83) 19.77 (1.87) | 630 849 10.07 (0.95) 653 (0.62) | 3.30 527 551 (0.83)  3.26 (0.49) 1.258
spoon 793 9.80 9.97(13.47) 9.36 (12.65) | 569 635 7.98(10.78) 6.93 (9.36) | 592  7.32  7.48(16.62) 6.91 (15.36) 1.257
kite 2668 3219 32.27 (0.66) 32.89 (0.68) | 29.56 34.80 38.11 (0.78) 36.01 (0.74) | 20.64 3522 37.88 (0.81) 37.24 (0.79) 1.233
chair 27.62 3110 33.90 (1.13) 33.39 (1.11) | 23.50 2499 27.97 (0.93) 24.67 (0.82) | 21.78 2314 24.71(0.91) 22.62 (0.83) 1.227
surfboard 3095 3697 37.52(0.62) 36.31(0.60) | 38.63 44.63 45.50 (0.76) 42.74 (0.71) | 37.32 43.01 42.41(0.76) 40.48 (0.73) 1.212
cup 3176 35.83 38.26 (0.94) 37.96 (0.93) | 31.47 3893 41.61(1.02) 39.62(0.97) | 29.14 3588 37.17(0.99) 35.73 (0.95) 1.205
fork v 1244 1480 14.96 (1.38) 14.61 (1.34) | 18.79 17.78 19.74 (1.81) 19.10 (1.76) | 18.15 17.53 18.92 (1.62) 18.43 (1.58) 1.203
clock 3727 4457 4444 (0.72) 42.09 (0.68) | 40.86 53.49 53.70 (0.87) 49.61 (0.81) | 37.34 49.82 49.00 (0.87) 45.48 (0.81) 1.192
sink 2282 23.60 27.15(0.64) 26.71(0.63) | 2501 2619 31.04 (0.74) 29.85(0.71) | 25.18 2626 30.80 (0.79) 30.01 (0.77) 1.190
toilet 5298 59.88 60.10 (0.87) 58.48 (0.85) | 61.90 6575 67.28 (0.98) 65.53 (0.95) | 61.18 6534 66.39 (0.98) 65.26 (0.96) 1134
microwave 4213 4584 46.94 (0.85) 47.78 (0.87) | 39.17 4292 4244 (0.77) 41.10 (0.75) | 37.52 41.22 38.09 (0.82) 39.29 (0.84) 1134
snowboard 2413 2897 27.18 (0.66) 27.27 (0.66) | 2697 31.78 30.24 (0.73) 28.56 (0.69) | 20.08 33.32 31.02 (0.86) 30.32 (0.84) 1.130
vase 3325 3412 37.50 (0.64) 37.16(0.64) | 32.03 3359 40.67 (0.70) 38.04 (0.65) | 26.76 2823 33.58 (0.67) 32.27 (0.65) 1128
car 3751 38.65 42.10(0.80) 41.61(0.79) | 37.87 39.95 42.00 (0.80) 42.11(0.80) | 36.06 38.48 39.81(0.79) 40.64 (0.80) 1122
truck 4323 49.72 4692 (0.80) 47.27 (0.81) | 40.34 46.92 43.60 (0.74) 44.93 (0.77) | 36.17 42.00 37.93 (0.75) 40.09 (0.79) 1.093
potted plant 3429 3564 37.49 (1.59) 36.98 (1.56) | 15.85 18.34 21.68(0.92) 18.05(0.76) | 12.81 14.98 16.45 (0.88) 14.69 (0.79) 1.093
boat 3644 3945 39.39 (0.75) 39.69 (0.76) | 40.78 4391 44.73 (0.86) 43.84 (0.84) | 38.73 4124 41.49 (0.87) 40.90 (0.86) 1.089
train 50.04 63.83 63.93 (0.86) 62.83 (0.84) | 6434 67.45 68.33 (0.92) 66.24(0.89) | 63.04 66.29 66.08 (0.93) 65.04 (0.91) 1.083
wine glass 3408 36.61 3657 (0.86) 35.48 (0.84) | 31.20 3435 35.08 (0.83) 34.40 (0.81) | 36.78 40.27  39.05 (0.88) 39.72 (0.89) 1.073
bed 5036 53.64 54.00 (0.90) 53.34 (0.89) | 42.71 48.34 49.72 (0.83) 47.30 (0.79) | 39.94 45.02 44.82 (0.81) 43.67 (0.79) 1.072
bottle 3375 3592 3597 (1.07) 3553 (1.05) | 3370 35.88 35.63 (1.06) 34.71(1.03) | 33.56 35.41 34.61 (1.05) 3450 (1.05) 1.066
carrot 4658 49.54 4848 (1.18) 49.47 (1.20) | 4430 4447 47.77 (1.16) 46.37 (1.13) | 40.30 39.08 41.39 (1.20) 41.09 (1.19) 1.062
remote 3453 38.07 34.63 (0.62) 36.66(0.66) | 48.29 50.08 49.71 (0.90) 50.66 (0.91) | 41.22 4138 41.16 (0.91) 42.33 (0.93) 1.062
scissors 3890 42.32 41.21(1.18) 40.73 (1.17) | 38.36 3843 41.59 (1.19) 37.66 (1.08) | 36.62 40.56 40.36 (1.15) 37.07 (1.06) 1.059
toothbrush 2919 2950 29.89 (1.28) 30.82 (1.32) | 25.61 2379 31.13 (1.33) 28.25(1.21) | 15.66 1354 20.31(1.73) 19.30 (1.65) 1.056
sandwich 4543  47.82 4584 (0.99) 47.33(1.03) | 3838 40.43 41.15(0.89) 41.19(0.89) | 3402 36.69 36.15(0.92) 37.60 (0.96) 1.042
bench 4056  42.52  42.23 (0.94) 41.66(0.92) | 37.20 39.68 41.42 (0.92) 39.67 (0.88) | 34.63 36.80 37.83 (0.90) 37.40 (0.89) 1.041
keyboard v 4931 4947 50.78 (0.80) 51.11(0.80) | 56.35 53.99 55.62(0.87) 54.95 (0.86) | 50.48 50.02 52.27 (0.89) 52.11 (0.89) 1.037
backpack 2679 2858 27.55(1.92) 27.33(1.91) | 13.17 16.60 1639 (1.14) 1450 (1.01) | 13.01 16.47 16.17 (1.18) 13.58 (0.99) 1.028
horse 6391 66.30 6541 (0.87) 65.53(0.87) | 70.07 7038 70.52(0.94) 70.10 (0.93) | 68.70 69.19  69.86 (0.95) 69.58 (0.94) 1.025
banana 65.63 67.66 66.79 (0.97) 67.13 (0.98) | 65.65 67.55 68.47 (1.00) 67.62 (0.98) | 62.79 63.83 64.58 (0.98) 64.46 (0.98) 1.023
bowl 2816 30.31 28.49 (0.76) 28.77 (0.77) | 2127 23.70 22.86 (0.61) 2232 (0.60) | 18.18 21.09  19.29 (0.64) 19.69 (0.65) 1.022
zebra 73.64 76.67 74.95(0.88) 75.05(0.89) | 78.41 80.68 80.46 (0.95) 80.65 (0.95) | 78.46 81.31 80.57 (0.95) 80.84 (0.95) 1.019
person 57.62 57.74 58.63 (0.75) 58.66 (0.75) | 64.89 66.00 67.46 (0.86) 67.51 (0.86) | 64.35 6535 66.63 (0.86) 66.76 (0.86) 1.018
airplane 5415 5599 55.02 (0.74) 53.94(0.73) | 57.66 60.18 60.20 (0.81) 57.44 (0.78) | 56.77 59.19 59.51(0.81) 56.60 (0.77) 1.016
couch 4543 48.04 46.15(0.97) 44.98 (0.94) | 3498 38.15 38.02(0.80) 35.36 (0.74) | 31.50 34.83 33.77 (0.76) 32.22 (0.73) 1.016
cell phone 42.66 44.97 4244 (0.74) 43.30 (0.76) | 53.05 53.04 54.76 (0.96) 53.82 (0.94) | 53.21 53.48 53.41(0.92) 52.81 (0.91) 1.015
broceoli 49.47 49.70 50.21(0.90) 49.82 (0.89) | 53.80 53.22 53.79 (0.97) 53.28 (0.96) | 54.20 53.56 54.57 (1.02) 53.99 (1.01) 1.015
background 79.59 8025 80.71(0.91) 80.63 (0.91) | 82.74 83.43 83.88 (0.95) 83.77 (0.94) | 82.34 83.03 83.28 (0.95) 83.33 (0.95) 1.014
hot dog 55.66 55.14 5637 (0.99) 56.44(0.99) | 51.30 5191 54.68 (0.96) 52.28 (0.92) | 45.05 45.61 46.72 (1.00) 45.79 (0.98) 1.014
orange 6251 63.10 6240 (0.93) 63.34 (0.95) | 63.42 6455 6522 (0.97) 6532 (0.98) | 62.53 6274 62.28 (0.97) 63.22 (0.99) 1.013
book 3858 39.70 38.82(1.16) 38.05(1.13) | 3233 33.16 33.89 (1.01) 31.64 (0.94) | 30.36 31.16 30.52(1.07) 29.84 (1.04) 1.006
traffic light 2659 27.38 2674 (0.53) 26.51(0.52) | 46.59 46.46 49.67 (0.98) 48.07 (0.95) | 46.88 47.01 48.71(0.96) 48.45 (0.96) 1.006
apple 5123 53.07 50.91(0.99) 51.48(1.00) | 48.39 48.85 48.00 (0.93) 46.86 (0.91) | 51.10 5125 48.25(0.92) 49.02 (0.93) 1.005
parking meter 62.68 64.66 6216 (0.85) 62.98 (0.86) | 67.90 69.92 72.14(0.99) 68.97 (0.94) | 67.45 68.89 69.38 (1.06) 69.01 (1.06) 1.005
cake 50.07 50.85 49.57 (0.91) 50.24 (0.93) | 48.35 48.87 51.74 (0.95) 49.20 (0.91) | 46.26 46.86 48.24 (0.97) 46.79 (0.94) 1.003
dog 69.08 69.86 69.11(0.92) 68.08(0.91) | 7153 71.89 72.02 (0.96) 70.66 (0.94) | 69.30 70.09  69.44 (0.97) 69.02 (0.97) 1.000
bus 65.25 6407 63.57 (0.82) 64.82(0.83) | 68.58 69.67 69.38 (0.89) 70.75(0.91) | 64.69 65.63 63.85 (0.86) 66.87 (0.90) 0.993
teddy bear 60.63 60.11 60.17 (0.88) 59.51(0.87) | 61.07 61.39 63.08 (0.93) 61.56(0.90) | 61.02 61.80 62.28 (0.94) 62.27 (0.94) 0.992
cow 68.31 67.33 67.72(0.86) 66.79 (0.85) | 72.84 73.07 74.73 (0.95) 74.05 (0.94) | 69.04 69.75  70.40 (0.94) 70.41 (0.94) 0.991
v 4826 49.30 47.70 (0.79) 47.83 (0.80) | 50.49 48.40 48.71 (0.81) 48.28 (0.80) | 48.37 4672  46.28 (0.83) 46.70 (0.84) 0.991
donut 57.45 57.55 56.05(0.95) 56.88 (0.96) | 54.37 55.19 57.78(0.98) 55.36 (0.94) | 56.78 5857 59.27 (0.99) 59.13 (0.98) 0.990
bird 58.73 59.20 57.38 (0.81) 57.98 (0.82) | 67.03 68.45 67.87 (0.96) 68.45(0.97) | 62.57 64.31 63.60 (0.99) 64.29 (1.00) 0.987
bicycle 5218 51.52 51.46(0.99) 51.49 (0.99) | 50.00 51.37 5136 (0.99) 50.97 (0.98) | 48.20 49.32 49.21 (0.98) 49.30 (0.98) 0.987
motorcycle 65.32 6457 6441 (0.89) 64.20 (0.89) | 65.46 65.23 66.66 (0.92) 65.54(0.90) | 64.96 64.88 65.83 (0.93) 65.30 (0.92) 0.986
umbrella 63.66 64.83 6276 (0.94) 6210 (0.93) | 6226 62.93 64.34 (0.97) 6207 (0.93) | 63.51 64.90 64.28 (0.94) 63.90 (0.94) 0.986
elephant 79.01 7822 77.51(0.91) 76.91(0.91) | 81.56 81.12 81.93(0.97) 81.23 (0.96) | 81.04 80.38 80.91 (0.96) 80.51 (0.96) 0.981
suitcase 52.62 52.54 51.62(0.90) 51.13(0.89) | 50.38 50.96 52.19 (0.91) 50.40 (0.88) | 45.68 47.24 46.44 (0.89) 46.46 (0.89) 0.981
giraffe 69.79 70.05 6830 (0.85) 68.25(0.85) | 74.81 75.89 7517 (0.94) 74.69 (0.93) | 74.71 7579 75.48 (0.95) 75.12 (0.94) 0.979
bear 80.39 7642 78.61(0.94) 77.92(0.93) | 81.93 81.57 82.59 (0.99) 81.89 (0.98) | 79.52 80.04 80.46 (1.00) 80.32 (1.00) 0.978
fire hydrant 70.69 69.98 68.61(0.88) 68.80 (0.88) | 74.05 75.03 76.40 (0.98) 74.99 (0.96) | 74.44 73.83 74.97 (0.99) 74.81 (0.99) 0973
stop sign 7311 7251 7074 (0.89) 70.27 (0.88) | 7628 77.91 78.42 (0.98) 77.52(0.97) | 78.53 79.27 78.32(0.98) 78.33 (0.98) 0.968
sheep 6541 6529 62.21(0.82) 61.69 (0.81) | 71.63 71.38 71.41(0.94) 70.33(0.93) | 71.25 71.17  70.29 (0.94) 70.33 (0.94) 0.951
refrigerator 4572 46.80 43.38 (0.71) 43.00 (0.70) | 46.33 4616 43.34 (0.71) 39.58 (0.65) | 43.19 4276  37.88 (0.65) 35.81 (0.62) 0.949
pizza 64.95 59.13 60.98 (0.85) 61.62(0.86) | 65.89 62.07 63.37 (0.89) 63.47 (0.89) | 64.76 60.99 62.09 (0.89) 62.29 (0.89) 0.949
cat 71.14 6446 6531 (0.85) 66.64 (0.87) | 75.23 71.67 72.42(0.95) 74.28 (0.97) | 74.77 7171 71.83(0.96) 73.55 (0.98) 0.937
sports ball 1217 1125  9.71(0.28) 1138 (0.33) | 35.21 33.85 31.64 (0.92) 33.84(0.98) | 30.41 30.57 24.01 (0.84) 28.68 (1.00) 0.935
oven 37.92 3572 34.58(0.72) 34.01(0.71) | 36.62 3432 3418 (0.71) 30.02 (0.62) | 34.60 33.14 31.00 (0.72) 29.49 (0.68) 0912
laptop 48.48 4159 42.88 (0.68) 42.60 (0.68) | 50.44 37.43 4339 (0.69) 41.82(0.66) | 49.21 3694 41.42(0.69) 40.45 (0.68) 0.884
dining table 30.05 27.81 24.46(0.59) 24.15(0.58) | 20.44 19.25 13.83(0.33) 13.13 (0.32) | 20.03 18.45 1240 (0.32) 12.28 (0.32) 0.814
hair drier 29.02 2973 2232 (cc)  22.01(c0) | 092 000  1235(x)  0.00(cc) | 048 009  4.18(x)  0.00 () 0.769
mloU | 4314 44.69 44.46 (0.85) 44.49 (0.85) | 43.64 45.12 46.82 (0.89) 4531 (0.87) | 42.01 4351 44.07(0.90) 43.59 (0.89) |  1.031

Table 4.4: The performance for each class of our final models on COCO. The IoU per-
formance is reported for each class in the dataset, for the training set’s pseudo labels,
and the training and validation sets’ segmentation masks (these form the three ma-
jor column groupings). The reimplemented scores for MCTFormer+, with and without
CCT, make up the first two columns in each group, respectively. The final two columns
present the scores for our final model, where cross attention is applied to the layer
groups 3, 5, 6, and 6, 7, 8, respectively. For our models’ results, the ratio to the per-
formance of the segmentation model trained on the ground truth masks is shown
(“c0” refers to segmentation scores of 0 when training with ground truth super-
vision). The checkmark in the second column indicates the classes we have generally
considered highly co-occurring. The results are ordered by the final column (the Im-
provement Factor), which measures the ratio of performance for the pseudo labels of
our models (the maximum of both models) to MCTFormer+ (with CCT), and a line
separates the classes we improved on from the ones we did not. For each of the major
groupings, the highest score per class is shown in bold.



be biased to more common classes as opposed to the rarely-occurring ones. This
could be confirmed by assigning probabilistic weights to each image based on
their classes in order to make the random choice of a class more uniform.

We have identified two possible reasons for this behaviour and have suggested possible
experiments to accept or reject them, but it is clear more work is required to identify
the precise cause and rectify it.

One major concern is the collapse of segmentation performance (for both training and
validation sets) of the Toaster and Hair Drier classes, for COCO, compared to the pseudo
label performance. Figure 4.12 provides examples for the Hair Drier class. The pseudo
labels for both our models clearly show the hair drier being identified and correctly lo-
cated with minimal erroneous pixel activations. However, the segmentation masks for
the segmentation model trained with each set of pseudo labels clearly show a complete
lack of identification of the hair drier. Notably, these classes obtain similar segmenta-
tion mask scores even when the segmentation model is trained using the ground truth
segmentation masks — these results are presented in Table A.2. This suggests that the
reason for the collapse is not due to our models producing bad-quality pseudo labels,
but rather because the segmentation model is not effectively learning to recognise these
classes, perhaps because the DeepLab-V1 model has reached its learning capacity. We
leave an analysis of more modern segmentation models to future work, as the collapse
in segmentation mask quality for these classes is clearly due to the segmentation model
itself, and not our pseudo label quality.

Figure 4.13 and Figure 4.14 present examples of pseudo labels generated using our
method for VOC and COCO, respectively, with Figure 4.15 presenting examples of our
method failing.

Figure 4.13 initially presents an example of a general, non-co-occurring class (“tvmon-
itor”) in row (a), largely maintaining the performance of MCTFormer+ — this is a
more widely observed trend for non-co-occurring classes. Even though the first model
(3, 5, 6 layer model) increased the activated region both above and below (spatially)
MCTFormer+’s activated region, the second model (6, 7, 8 layer model) was able to
constrain the activation below MCTFormer+’s more accurately to the object. For the
row (b) (for the “chair” and “dining table” co-occurring pair), we are able to extensively
constrain the over-activation and misclassification of the “chair” in particular, to more
finely correspond to the original image. Row (c) shows that we are able to achieve
better coverage for instances including this co-occurring pair, with further “chair” mis-
classification being prevented. Row (d)’s example, whilst introducing extensive over-
activations for chairs above the table, is in fact able to identify that chairs exist above
the table, which is something that MCTFormer+ was not able to do. The example in
row (e) only prevents the erroneous activation for the “chair” towards the bottom of
the image; it maintains similar performance to MCTFormer+ for the over-activation
above the table. Overall, we still struggle to finely segment intricate structures, like the
backs of the chairs, which are not single and solid areas.

Figure 4.14 presents examples of successfully-improved pseudo labels for COCO. The
general images for rows (a) and (b) show that on normal, non-co-occurring classes
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Image Ground Truth

Pseudo Label Seg Mask Pseudo Label Seg Mask
(3,5,6) (3,5, 6)

(6,7,8) (6,7,8)

Figure 4.12: Examples of pseudo labels and segmentation masks including a Hair Drier
(pink), from COCO. The first two columns are the original image and ground truth
segmentation mask, respectively. The last four columns are arranged in two groups of
two, where the first column in each group is the Pseudo Label predicted by one of our
models and the second column is the Segmentation Mask predicted by the segmentation
model trained with this model’s pseudo labels. The first group is the model using cross
attention on layers 3, 5, and 6, and the second group is based on the model using layers
6, 7, and 8.
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Image GT Mask MCTFormer+ (CCT) Ours (3, 5, 6) Ours (6, 7, 8)

General

Chair and Dining Table

Figure 4.13: Visualisation of pseudo labels generated for VOC images, by our two
best dual-branch models (using cross image attention for layers 3, 5, 6, and 6, 7, 8,
compared to the ground-truth segmentation masks and the pseudo labels generated
by MCTFormer+. An example of a general class is shown (“tvmonitor”) and several
examples for the co-occurring class pair of “chair” and “dining table” are shown.



(“bear” and “elephant”), we largely maintain the performance of MCTFormer+ — we
do not improve the coverage of these objects, but crucially, we do not degrade them
either. The coverage is maintained and we do not introduce erroneous activations.
Similarly, we show in the “fork” example in row (c) that our performance is largely
similar to the MCTFormer+ baseline. Despite Table 4.4 showing that our performance
improved for this class, the general nature of objects of this class is to be small-area
objects, meaning that the majority of the improvement will have come from fine bound-
ary corrections. We are not able to segment the intricate structures of the fork prongs
present in the ground-truth mask, but we are able to estimate the object coverage more
effectively. The last two groups of images are for the highly co-occurring class pairs
of “baseball bat” & “baseball glove” (rows (d) to (f)) and “mouse” & “keyboard” (rows
(g) to (i)). In both sets of examples, we are clearly able to substantially reduce er-
roneous activations and over-activations, constraining the regions of identified pixels
for these classes far more accurately to their object boundaries. We also prevent the
misclassification of similar looking, but inaccurate background regions. This is a direct
success of using cross-image context in our dual-branch framework. Ironically, for the
example in row (e), the “diagonal bar” actually looks like a baseball bat being held by
a person (bottom left corner has what appears to be a hand) — both our models and
MCTFormer+ are largely able to detect this, even though the ground truth mask does
not.

Figure 4.15 presents a number of examples from VOC and COCO where our efforts to
improve co-occurrence class segmentation quality through CIA-AP have been largely
over exaggerated. For COCO, the example in row (a) shows that while we are better
able to detect the location of the baseball bat compared to MCTFormer+ (due to the im-
proved attention), we do so at the cost of reduced coverage of the person. In contrast,
the VOC example in row (d) shows that the table has been localised almost entirely
incorrectly, with erroneous activations and misclassification for the candles drawing
attention away from increased coverage of the table itself. Whilst the attention refine-
ment generally helps, it adversely affects the second and third COCO examples (rows
(b) and (c)) and the last VOC example (row (e)). In these cases, in its desire to promote
the co-occurring classes, our models have over-estimated the extent of these objects and
induces erroneous activations. A general pattern is that when the co-occurring object
in an image is quite small, the models tend to overcompensate and classify many more
pixels as belonging to this class than is necessary, almost as if the model knows the
object should be present, but isn’t confident about its location, and so tries to ‘place’ it
in multiple potential locations.

4.5.5 Comparison to State-of-the-Art

Table 4.5 compares the performance of our two best dual-branch models (using layers
3, 5, 6, and 6, 7, 8, respectively) to other high performing methods. They are split
into two broad categories: single and multi-staged methods. Single-stage methods di-
rectly predict the final segmentation mask, often predicting an intermediate pseudo
label along the way to help with pixel-level supervision. Multi-stage models use two
separate models, one for predicting the pseudo label (and this is where the major con-
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Image GT Mask MCTFormer+ (CCT) Ours (3, 5, 6) Ours (6, 7, 8)

=4

(a)

General

(b) |

Fork

Baseball Bat/Baseball Glove

Mouse/Keyboard

Figure 4.14: Visualisation of pseudo labels generated for COCO images, by our two
best dual-branch models (using cross image attention for layers 3, 5, 6, and 6, 7, 8,
compared to the ground-truth segmentation masks and the pseudo labels generated by
MCTFormer+. Two examples of general classes (“bear” and “elephant”) are shown, a
single example of the co-occurring class “fork”, and three examples each for the co-
occurring class pairs “baseball bat” & “baseball glove”, and “mouse” & “keyboard”.



GT Mask MCTFormer+ (CCT) Ours (3, 5,6) Ours (6, 7, 8)

Coco

Voc

Figure 4.15: Visualisation of pseudo label failure cases generated for VOC and COCO
images, by our two best dual-branch models (using cross image attention for layers 3,
5, 6, and 6, 7, 8), compared to the ground-truth segmentation masks and the pseudo
labels generated by MCTFormer+. The first three images are from COCO and primarily
correspond to the “baseball bat” and “baseball glove” co-occurring class pair. The last

two images are from VOC and primarily correspond to the “chair” and “dining table”
co-occurring class pair.
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tributions are to WSSS for multi-stage models), and the second is generally an off-the-
shelf segmentation model which is trained using the pseudo label as the ground truth.
Our method is a multi-stage method.

The prior work in Table 4.5 only report comparison scores for training set pseudo labels
on VOC, and mainly report the final segmentation scores for the validation sets. The
works often use the same segmentation backbone when using VOC and COCO, however,
sometimes they do change the backbone — this is indicated by the backbone being
reported for both datasets.

MCTFormer+ has the best validation score on VOC, of which we fall 4.3% short. How-
ever, our reimplementation of MCTFormer+ was not able to match this performance
and our best model does match the reimplemented score. We cannot draw direct com-
parison to SeCo [Yang et al. 2024], which is the current state-of-the-art across the
board, since that is a single-stage model and won’t be susceptible to the same flaws
MCTFormer+ and our dual-branch models are that lead to the 4.3% discrepancy to the
reported scores (i.e. in the segmentation model). In terms of the VOC pseudo label
quality, we underperform all the other methods by up to 10.2% when comparing to
SeCo, which is concerning. However, it is unclear whether the segmentation model is
able to effectively recover the discrepancy, since it is only able to match the reimple-
mented MCTFormer+ scores, which itself suggests that we retain the competitiveness
of MCTFormer+. Seeing as COCO is where we put most of our focus, the suggestion
that we remain competitive on VOC is sufficient.

For COCO, our validation mask scores are competitive to the other methods, falling only
2.6% short of the current state-of-the-art, SeCo [Yang et al. 2024]. Interestingly, we do
outperform (by 2.1%) the reimplemented MCTFormer+. Seeing as we were only able
to match the reimplemented performance on VOC, this suggests that our approach is
more effective on COCO — this aligns with our view that COCO is substantially harder
than VOC in terms of class co-occurrence, and that our approach directly targets this
co-occurrence. However, we cannot draw comparisons to our co-occurring classes of
interest, which are our main focus, since the other works do not report class scores for
COCO, only the final mlIoU scores. Since this is where we saw the most improvement,
we cannot draw an effective comparison using overall mIoU data.

4.6 Summary

Section 4.3 provides an in-depth analysis of MCTFormer+ [Xu et al. 2024], a high-
performing transformer-based model that employs multiple class tokens and a novel
approach to refining transformer attention maps. Our reimplementation confirmed
their findings that contrastive learning (CCT) improves performance on PASCAL VOC
2012 but not on MS COCO 2014.

Our final model builds upon MCTFormer+ [Xu et al. 2024] by integrating our Cross
Image Attention from the Auxiliary to the Primary branch (CIA-AP) and a dual-branch
contrastive learning scheme involving Contrastive Class Tokens (CCT) and CCT Prime.
The overall architecture consists of two parallel transformer encoder branches: the Pri-
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Single/Multi VOC COCO

Methods St Supervision
age Backbone Pseudo Label Val Seg Mask Backbone Val Seg Mask

1Stage [Araslanov and Roth 2020] S 7 ResNet38 66.9 62.7 — —
AFA [Ru et al. 2022] S A MiT-B 68.7 66.0 MiT-B 38.9
ViT-PCM [Rossetti et al. 2022] S T ViT-B 71.4 70.3 — —
ToCo [Ru et al. 2023] S T ViT-B 73.6 71.1 ViT-B 42.3
SeCo [Yang et al. 2024] S 7 ViT-B 76.5 74.0 ViT-B 46.7
EPS [Lee et al. 2021b] M IZ+S8M ResNet101 71.6 71.0 VGG16 35.7
RCA [Zhou et al. 2022] M I+ 8SM ResNet38 74.1 72.2 VGG16 36.8
L2G [Jiang et al. 2022] M I+SM ResNet38 71.9 72.1 ResNet101 44.2
CDA [Su et al. 2021] M I+€& ResNet38 66.4 66.1 ResNet38 33.2
CLIP-ES [Lin et al. 2023] M T+¢€ ResNet101 75.0 73.8 ResNet101 45.4
AdvCAM [Lee et al. 2021a] M A ResNet101 68.0 68.1 — —
W-0o0D [Lee et al. 2022] M T ResNet38 72.1 70.7 — —
CLIMS [Xie et al. 2022] M A ResNet50 70.5 70.4 — —
FPR [Chen et al. 2023b] M z ResNet101 66.4 70.3 ResNet101 43.9
OCR [Cheng et al. 2023] M T ResNet38 69.1 72.7 ResNet38 42.5
MCTFormer [Xu et al. 2022] 61.7 71.9 42.0
MCTFormer+ [Xu et al. 2024] M A ResNet38 68.8 74.0 ResNet38 45.2
MCTFormer+* 67.0 69.7 42.0
Ours (3, 5, 6) 66.2 69.5 44.1
Ours (6, 7, 8) M T ResNet38 66.3 69.7 ResNet38 43.6

Table 4.5: Comparisons with SOTAs in mIoU (%). The pseudo labels are reported for
the training VOC set only. Validation segmentation masks are reported for both VOC
and COCO. “—” denotes no reported score. “*” refers to our reimplemented version of
the method. S: single-staged, M: multi-staged, Z image labels, SM: saliency maps,
&: external data.

mary Branch (processing the image being segmented) and the Auxiliary Branch (pro-
viding additional context). These branches are Siamese networks, sharing the same
architecture and weights.

Cross Image Attention (CIA-AP): Our Cross Image Attention mechanism aims to ad-
dress the class co-occurrence problem by enhancing the attention maps corresponding
to co-occurring classes. Specifically, the query vectors of the Primary Branch are aug-
mented with those from the Auxiliary Branch by averaging them, which allows for the
introduction of high-quality query vectors from the auxiliary image. To ensure these
vectors are pure and unambiguous, the auxiliary image is chosen such that it contains
only one of the co-occurring classes present in the primary image. This selective pair-
ing allows the auxiliary image to provide a clean, high-quality, and unambiguous query
vector that enhances the representation of the relevant co-occurring class in the pri-
mary image. This improvement in attention quality allows for effective enhancement
of attention maps corresponding to challenging co-occurring classes.

CCT and CCT Prime: The CCT module, inherited from MCTFormer+, aims to en-
hance class separation by encouraging the class tokens’ similarity matrix to approximate
an identity matrix. This encourages tokens for different classes to occupy distinct re-
gions of the representation space. However, CCT only promotes separation within each
branch independently, which can be insufficient for effective cross-image attention.

To address this limitation, we introduce CCT Prime, a contrastive learning module de-
signed to align the representations of the Primary and Auxiliary branches. While CCT
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encourages separation within each branch, CCT Prime focuses on promoting compat-
ibility between the representations of the two branches, enabling more effective in-
formation exchange during cross attention. This alignment is particularly crucial for
resolving class co-occurrence, ensuring that the auxiliary image provides meaningful
guidance to the primary image.

Pipeline Overview: The model pipeline consists of several components working to-
gether to achieve improved weakly supervised segmentation.

1. First, two images are passed through the Primary and Auxiliary branches of the
transformer encoder. These branches are identical and share weights, forming a
dual-branch architecture.

2. Cross Image Attention (CIA-AP) is applied from the auxiliary to the primary
branch by averaging the query vectors. This operation enhances the attention
maps corresponding to co-occurring classes by introducing pure query vectors
from the auxiliary image, which is selected to contain only one of the co-occurring
classes in the primary image.

3. CCT is applied independently to each branch to promote intra-branch separa-
tion of class tokens. However, since this does not guarantee alignment between
branches, CCT Prime is introduced to promote compatibility between the Primary
and Auxiliary branches, allowing for more effective information exchange during
Cross attention.

4. The class tokens are then passed through a classification module to obtain image-
level classification scores. Simultaneously, patch tokens are processed through
the PatchCAM module, which refines class-specific localisation maps via Patch
Affinity. This is performed for both the primary and auxiliary images.

5. During training, CIA-AP utilises auxiliary images to enhance processing of the
primary image. During inference, only the Primary Branch is used, with no cross
attention performed.

This framework effectively addresses the detrimental impact of class co-occurrence on
weakly supervised segmentation by combining cross-image attention with contrastive
learning. By selectively enhancing attention for the targeted classes, our approach suc-
cessfully improved performance for challenging co-occurring pairs such as Baseball Bat
and Baseball Glove, Mouse and Keyboard, and Knife and Fork, while roughly maintain-
ing overall mIoU performance.

Despite these improvements, our method does not outperform the current state-of-the-
art but remains competitive while effectively mitigating the co-occurrence issue.
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Chapter 5

Cross Image Attention Ablation

This chapter presents an extensive series of ablation studies aimed at thoroughly ex-
amining the impact of various design choices related to Cross Image Attention, and
the ultimate formulation of Cross Image Attention from the Auxiliary to the Primary
branch (CIA-AP) that is presented as part of the final model in Chapter 4. The analy-
sis focuses on understanding how different configurations contribute to addressing the
class co-occurrence problem and improving segmentation performance. Given that the
COCO dataset exhibits more severe co-occurrence issues compared to VOC, most of the
analysis is centred around the worst-performing class pairs within COCO.

In particular, we investigate several key components of our model: the Cross Image
Attention mechanism, including different layer groupings, augmentation methods, and
patch attention configurations. The decisions made for these configurations are in-
formed by the findings of these ablation studies, which provide deeper insight into the
contributions of each component to the overall performance.

Specifically, Section 5.1 argues for the use of Siamese networks for our dual-branch
framework, where each branch is identical in architecture and shares weights. Sec-
tion 5.2 broadly presents the iterative development that results in the final CIA-AP cross
attention scheme, with Sections 5.2.1 to 5.2.4 presenting the conventional query-swap
cross attention scheme and subsequent refinements. Section 5.2.5 critically analyses
the impact of the conventional cross attention schemes and finds them to be inade-
quate for addressing the co-occurrence problem, although they are able to exchange
information between the primary and auxiliary branches.

Building on this, Section 5.2.6 presents a new, principled approach to applying cross im-
age attention, namely the Cross Image Attention from the Auxiliary to Primary branch
(CIA-AP) that we use in our final model. As part of CIA-AP, Section 5.2.7 examines the
effects of various augmentation methods for combining the query matrices from the
primary and auxiliary branches, before Section 5.2.8 investigates the impact of cross
attention being applied to different groups of layers.

Finally, Section 5.3 presents mathematical motivation for our decision not to use cross
attention (or the auxiliary branch) during inference.
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5.1 Siamese Weights

Section 4.5 presented our final dual-branch framework, which briefly entails passing
two images, one primary and one auxiliary, through each branch respectively, and per-
forming cross image attention between these two branches during the forward pass.
These two branches are architecturally identical and are chosen to share their weights.
Additionally, the corresponding classification and PatchCAM modules are also chosen
to share their weights.

This was a decision made early in the framework’s development and so was performed
on the VOC dataset only. Figure 5.1 compares the overall mloU performance of the
pseudo labels for all combinations of the following naive training and inference mining
strategies (i.e. the strategy with which the auxiliary image is chosen):

1. Training Mining Strategies:

(@

(b)

Random: the auxiliary image is randomly chosen from the entire training
image set, with the sole provision that the primary image is not sampled.
The primary and auxiliary images may have any degree of overlap for the
classes present. Random mining is included as a default baseline.

Exactly 1 Overlap: the auxiliary image is randomly chosen from the entire
training image set, such that it has exactly 1 class in common with the pri-
mary image, and that it is not the primary image. The primary and auxiliary
images may have any other classes present, provided there is no further over-
lap. The intention with this strategy is to promote disambiguation of class
pairs — by having an auxiliary image with only one of a pair of classes, the
model is exposed to the appearance of only one of the classes, thereby being
able to tell the classes apart. Note that there is no co-occurrence-based re-
striction on what class pairs are allowed to overlap — this means that overlap
could occur on a non-co-occurring class, but this is an initial naive method
which is later refined.

2. Inference Mining Strategies:

€))

(b)

(o)
(d)

Same: the primary image is also used as the auxiliary image. Each image
will have a distinct set of tokens.

Exactly 0 Overlap: the auxiliary image is randomly chosen such that it has
no classes in common with the primary image. The primary and auxiliary
images may have any other classes present, provided they are not present in
both images.

Exactly 1 Overlap: same as the corresponding training mining strategy.

At Least 1 Overlap: the auxiliary image is randomly chosen such that it has
at least 1 class in common with the primary image, and that it is not the
primary image. The primary and auxiliary images may have any other classes
present.
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The complete description of these mining strategies is not relevant to this sub-section.
However, they are used in the model configurations for this section, and are pertinent
later on in this ablation.

Figure 5.1 shows that the cases where the two branches share weights outperforms

the corresponding configuration where the two branches have their own set of weights.

Consequently, we decided to exclusively use shared weights for the transformer branches
and their attached classification and PatchCAM modules.

Even though Figure 5.1 justifies the use of shared weights for the VOC dataset, we
do present evidence that this is still valid for use with the COCO dataset: Figure 5.2
presents the overall training and validation losses for our final two models, over the
complete training period of 45 epochs. The training curves both continue to decrease
until the end of training, suggesting that the model with shared weights has capacity
to learn over the entirety of its training. The validation curves do not increase after
the initial spike, which reinforces that our model is not overfitting, but rather learning
meaningfully.

Consequently, the use of shared weights for the two branches’ transformers and at-
tached classification and PatchCAM modules is preferable to the use of separate weights.
Initial experiments on VOC showed that shared weights outperform the counterpart
model configuration for separate weights, and later experiments showed that even with
the harder COCO dataset, the dual-branch models are still able to meaningfully learn.

Additionally, the intuitive appeal of using shared weights lies in their ability to enhance
consistency between the branches. Since our overarching goal is to provide more stable
and reliable query vectors to the primary image, it is crucial that both branches generate
queries in a consistent manner. By sharing weights, we ensure that the query vectors
produced by the auxiliary branch are constructed using the same underlying feature
extraction process as those in the primary branch. This alignment is particularly ben-
eficial when transferring information via cross attention, as it promotes compatibility
between the query vectors from both branches, thereby enhancing the overall effective-
ness of the information exchange.

5.2 Evolution of Cross Image Attention and Auxiliary
Image Mining

The core part of this work is determining the correct form for applying Cross Image At-
tention to effectively share information between the two branches. A parallel problem
is to choose the most effective auxiliary image, such that the “correct” information is
shared between the branches. As decisions are made about the implementation of the
cross image attention, the auxiliary image has to be mined in a complementary way.
Consequently, these two conceptual streams develop together in an interlinked manner,
and so will be presented together.

74



B siamese [ separate

60

mloU

Mining (Train, Inference)

Figure 5.1: Comparison of overall pseudo label quality (mlIoU) for different training

mining strategies and different inference mining strategies, for VOC. The x-axis is la-
belled as “(train strategy, infer strategy)”.
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Figure 5.2: Graph of the overall train (solid) and validation (dashed) losses, for our
final two models, for COCO. The normal COCO train set was further split into a random
80/20 training and validation split to conduct this test.

This section will initially investigate traditional methods of applying cross attention,
mainly focusing on VOC, before taking a more principled approach, with COCO, to
solving the class co-occurrence problem.

Additionally, although other cross attention methods exist [Chen et al. 2021; Lin et al.
2022], we choose to use the method of exchanging the Query matrices between self-
attention modules due to its simple and intuitive interpretation for solving the class
co-occurrence problem. This intuition was discussed in the final presentation of the
model in Section 4.5.1.

5.2.1 Conventional Cross Attention

The initial Cross Attention scheme operated by replacing one Query matrix with a sec-
ond one, from a different source, and achieved remarkable success [Vaswani et al.
2017], making it a natural starting point. Instead of combining the Query matrices
from the primary and auxiliary branches, as we finally do in Equation (4.12), the ma-
trices are swapped:

Q,=Q,
Q. =Q,
where QZ{M}, Qf{w} e R(E+N")xd (r is the number of class tokens, N? is the number of
patch tokens, and d is the dimensionality of the tokens. | = 2i,i € [0, %],z’ € 7 is the

(5.1)
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Figure 5.3: Diagram showing the application of conventional cross attention at alter-
nating transformer layers, specifically, even-indexed layers.

even-indexed transformer layer, where L is the total number of layers — we alternate
the layers at which we apply cross attention. This is graphically depicted in Figure 5.3.

This is the cross attention method used in Section 5.1, and seeing as this is the ini-
tial cross attention attempt and will serve as a building block, we sample the auxiliary
image in a number of simple, but naive ways, which change depending on whether
training or inference is being performed (these are the same mining strategies intro-
duced in Section 5.1, briefly re-stated here):

1. Training Mining Strategies:

(a) Random: the auxiliary image is randomly chosen from the entire training
image set, with the sole provision that the primary image is not sampled.

(b) Exactly 1 Overlap: the auxiliary image is randomly chosen from the entire
training image set, such that it has exactly 1 class in common with the pri-
mary image, and that it is not the primary image.

2. Inference Mining Strategies:

(a) Same: the primary image is also used as the auxiliary image. Each image
will have a distinct set of tokens.

(b) Exactly 0 Overlap: the auxiliary image is randomly chosen such that it has
no classes in common with the primary image.

(c) Exactly 1 Overlap: same as the corresponding training mining strategy.

(d) At Least 1 Overlap: the auxiliary image is randomly chosen such that it has
at least 1 class in common with the primary image, and that it is not the
primary image.

Revisiting the VOC experiments from Section 5.1, Figure 5.4 compares the inference
mining strategies for the two training mining strategies. Evidently, using the primary
image as the auxiliary image as well (“Same” strategy) is the most beneficial, thus we
use it henceforth. Seeing as the two branches share their weights, and the class tokens
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Figure 5.4: Comparison of overall pseudo label quality (mlIoU) for different training
mining strategies and different inference mining strategies, for VOC. The results are
grouped according to the training mining strategy.

are initialised to the same pretrained DeiT-S class token (as mentioned in Section 4.4),
this is tantamount to no cross attention being performed during inference. Cross At-
tention will still impact the training, but this inference strategy will just exchange the
same information between the two branches.

Additionally, we introduce asymmetry to the two branches. The primary branch will
perform the classification as normal (predict the classes present in the image). The
auxiliary branch is trained to predict either the union or the intersection of the classes
in the primary and auxiliary images (hereafter called the Overlap task) — the infor-
mation to enable this task is made available through the cross image attention. The
intention behind this asymmetry is to encourage the model to use the shared infor-
mation instead of potentially learning to ignore it. An important addition is that of a
multitask prompt [Sanh et al. 2022] to the class and patch tokens for each branch. The
class tokens are initialised identically and there are no unique and learnable parame-
ters for either branch, so the gradient path for both branches is the same. Therefore,
multitask prompting is the only way for the model to distinguish between having to
perform the Classification and Overlap tasks. Specifically, the first dimension of the
tokens for the primary and auxiliary branches are set to 0 and 1, respectively.

The final model variation we introduce is to only apply the cross image attention in
one direction, from the primary branch to the auxiliary branch (called Explicit Cross
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Figure 5.5: Diagram showing the explicit application of cross attention at alternating
transformer layers, specifically, even-indexed layers, from the primary to the auxiliary
branches.

Attention):
Al 1
Q,=Q,
Al 1’
Q. =Q,

where the shapes, subscripts, and superscripts are the same as in Equation (5.1) — we
alternate the layers at which we apply cross attention. This is graphically depicted in
Figure 5.5. The auxiliary branch, performing the Overlap task, is the one that actually
requires the shared information, so we can be more explicit with the application of
the cross image attention. The fact that the weights between the branches are shared
means that the primary branch will indirectly use the exchanged information as well.

(5.2)

Figure 5.6 displays the results of testing Conventional and Explicit Cross Image Atten-
tion, for the two training mining strategies, and for the two overlap tasks. Results
are presented for the overall performance as well as for the most prominent class co-
occurrence pair in VOC, the chair and dining table, since this is the case we primar-
ily intend to improve. In all these cases, the explicit cross attention scheme (in blue
shades) outperforms the conventional scheme (in red shades), but still falls short of the
baseline performance — adjacent blue and red bars are to be compared. Nevertheless,
a targeted approach to applying the cross image attention is evidently preferable to the
conventional approach. There is no distinguishing between taking the intersection or
the union for the overlap task, so we shall continue to test both.

5.2.2 Impact of Overlap Task

As shown in Figure 5.6, whilst there is little distinction between the performance of
the union and intersection tasks, the mere introduction of the Overlap task leads to
degraded performance. We initially introduced the Overlap task in an attempt to en-
courage the model to use the exchanged information and not just learn to ignore it.
However, the worsened performance requires us to ascertain the impact the Overlap
task is actually having.
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Figure 5.6: Comparison of overall pseudo label quality (mIoU) for Conventional (red
shades) and Explicit Cross Image Attention (blue shades), for VOC. The results are
grouped according to their training mining strategy and the overlap task. The results
for the most prominent class co-occurrence pair (chair and dining table) are displayed,
along with the overall mIoU performance — the different colour shades reference these
classes. The baseline comparison to MCTFormer+ is included as the black lines.
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Figure 5.7: Graph comparing the performance of different training mining strategies
for different configurations of the Overlap task and cross attention scheme (for VOC).
Random mining models are in red, Exactly 1 Overlap models are in blue, and the shade
of colour references the class — each pair of columns compares class performance for
the two mining strategies. Results are shown for the most prominent co-occurring class
pair (chair and table) and for the overall performance (mlIoU). This is a different view
of the results in Figure 5.6.

From the investigation of explicitly applying cross attention (Figure 5.6) we reformat
the results to compare the efficacy of the two training mining strategies: Random
and Exactly 1 Overlap. In all otherwise-equivalent configurations, Figure 5.7 shows
the models using Random mining outperform their counterparts. We also previously
found that explicit cross attention was preferable to conventional cross attention. So
we choose a particular model configuration to investigate the impact of the Overlap
task: Explicit Cross Image Attention, with the intersection as the Overlap task, trained
using random mining.

The Classification and Overlap tasks are performed by the primary and auxiliary branches
respectively, and originally had equal weighting to the overall loss (i.e. each branch’s
loss component had a coefficient of 1). By changing the coefficient of the Overlap task
(the auxiliary branch), we gain insight into its overall effect.

Figure 5.8 shows that the Overlap task itself is a source of confusion to the model.
When the Overlap task is turned off (0 coefficient), the performance is on-par with
MCTFormer+, which is expected since this reduces the dual-branch model to the MCT-
Former+ case. Even a marginal contribution (0.1 coefficient) leads to degraded perfor-
mance, a trend which is exacerbated as the contribution of the Overlap task increases.
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Figure 5.8: Graph comparing the performance of different weightings of the Overlap
task. Results are shown for the most prominent co-occurring class pair (chair and
table) and for the overall performance (mloU), for VOC. Baseline performance from
MCTFormer+ is included (dotted lines).

This raises significant questions about the semantics of applying cross image atten-
tion in this way. Explicit Cross Attention outperforms Conventional Cross Attention:
by manually removing an aspect of the information sharing, performance improved.
Therefore, it is likely that these two cross attention schemes are introducing internal
noise to the model, which it is not able to learn to overcome.

5.2.3 Explicit Cross Image Attention at a Single Layer

Following the investigations of Section 5.2.1 and Section 5.2.2, we expect that the
Conventional and Explicit Cross Image Attention schemes are introducing noise to the
model. By manually removing an aspect of this noise when halving the amount of cross
attention being performed (by going from conventional to explicit schemes), perfor-
mance improved. Thus an even more targeted approach to the cross attention scheme
is necessary.

Akin to later convolutional layers in CNNs learning more and more abstracted features
[Zeiler and Fergus 2014], we make the assumption that early layers in the transformer
learn low-level information, which gets progressively more abstract deeper in the model
(this assumption is challenged in Section 5.2.8). Therefore, we perform a sweep, where
the Query matrix from the primary branch is swapped into the auxiliary branch (i.e.
similarly to the explicit cross attention), for a single layer at a time, for the second
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Figure 5.9: Diagram showing the explicit application of cross attention at a single
transformer layer, specifically, layers in the second half of the transformer, from the
primary to the auxiliary branches.

half of the transformer. Mathematically, this is identical to Equation (5.2), but where
l € [£,L —1],l € Z, and [ takes a single value per model. This scheme is depicted

graphically in Figure 5.9.

Following the finding in Section 5.2.2 that using random mining during training out-
performs the other mining strategies, the models here will perform random training
mining only. They will also use the Overlap task.

Figure 5.10 presents the results of applying this Single Layer Explicit Cross Image Atten-
tion to the second half of the transformer, using VOC. Noticeably, the union task seems
to be outperforming the intersection task on our classes interest and for the overall
performance, even going so far as to outperform the baseline for the chair and dining
table classes for some configurations, namely when applied to Layers 7 or 11 (12 0-
indexed layers in total). This is a notable improvement, for at least the Union models,
over the Explicit Cross Image Attention scheme (the square line, which was presented
in Section 5.2.1) which fell quite short of the baseline performance. Even though the
overall mIoU score decreased compared to the baseline, the fact that the co-occurring
class pairs experienced an improvement is important.

Now that we have a slight improvement for the worst pair of co-occurring classes in
VOG, it is prudent to conduct further experiments using the much harder COCO dataset.
Figure 5.11 establishes results using COCO for the same configurations that achieved
high performance on VOC: included are intersection and union tasks using explicit cross
attention, the intersection task applied to Layer 8 using single layer explicit cross at-
tention, and the union task applied to Layers 7 and 11 using single layer explicit cross
attention. Firstly, knife and fork have a model (union task, single layer cross attention
applied to Layer 11) which outperforms the baseline by a substantial amount. Of the
remaining two pairs of classes, baseball bat, baseball glove, and mouse each have one
of the models slightly outperforming the baseline, and keyboard does not outperform
the baseline for any of the models. Notice that the single-layer scheme generally out-
performs the explicit cross attention scheme, which aligns with our findings on VOC.
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Figure 5.10: Graph showing the performance when the primary Query matrix explic-
itly replaces the auxiliary Query matrix for a single layer, for various layers, for VOC.
Measured are the most prominent class co-occurring pair (table, chair) and the overall
performance (mlIoU). Both the overlap tasks, intersection and union, are presented, as
well as baseline comparisons to MCTFormer+ and the single best explicit cross atten-
tion model (Exactly 1 Overlap training mining with the union overlap task). The colour
legend is: green for mloU, red for dining table, blue for chair. The line shape legend

is: “—” (solid) for MCTFormer+ baseline, “- -” (dashed) is for the union models, “---”
(dotted) is for the intersection models, “B W’ (squares) is for the previous best model.
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Figure 5.11: Graph showing the performance for Explicit Cross Image Attention and
Single Layer Cross Image Attention for select configurations, for COCO. The models
presented are COCO comparisons to earlier, equivalent, and high-performing models
on VOC. Measured are the most prominent class co-occurring pairs (Baseball Bat &
Baseball Glove, Mouse & Keyboard, Knife & Fork) and the overall performance (mloU).
A baseline comparison to MCTFormer+ is included.

There is no single model which achieves these increased scores, but rather the Intersec-
tion applied to Layer 8 and the Union applied to Layer 11 which share them. However,
all the models perform slightly worse than the baseline overall, thus there is still room
for improvement.

5.2.4 Explicit Cross Image Attention at Multiple Layers

Section 5.2.1 and Section 5.2.2 showed that the Explicit Cross Image Attention scheme,
which alternates the layers at which the Query matrix is replaced, was preferable to
Conventional Cross Attention, leading us to surmise that the reduction in cross attention
reduced some of the internal noise. Section 5.2.3 showed that the Single Layer Explicit
Cross Image Attention, which replaces the Query matrix at a single layer, was even
more beneficial. However, it does represent an extreme reduction to the degree of
cross attention being applied. Therefore, it stands to reason that there is some middle
ground, between applying cross attention at half the layers (i.e. alternating the layers)
and at only one of the layers, where performance will peak.

We choose the halfway point of 3 layers, and choose to use consecutive layers — there
is no particular reason for using consecutive layers, and Section 5.2.8 shows that there
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Figure 5.12: Diagram showing the explicit application of cross attention at multiple,
consecutive transformer layers, specifically, layers in the second half of the transformer,
from the primary to the auxiliary branches.

can be variability in these choices with minimal impact to the performance. This is
depicted graphically in Figure 5.12.

Figure 5.13 shows the results of this multi-layer cross attention scheme, presenting
model configurations for the intersection or union tasks, and the inclusion or exclusion
of contrastive learning (CCT) from both branches — to briefly recap the CCT intuition
from Section 4.5.2, it is a contrastive learning module which drives the class tokens to
learn distinct representations, by encouraging them to be orthonormal. We include the
configurations without contrastive learning since initial results from the reimplemen-
tation of MCTFormer+ in Section 4.3.5 suggest that in its current form, CCT degrades
the performance for co-occurring class pairs.

All the models using the intersection Overlap task outperformed their union counter-
parts (blue vs green and red vs orange, where the former colour is the intersection
task). This is not something earlier experiments displayed, so it is an interesting de-
velopment considering the attractiveness of the intersection task: the intersection task
encourages the model to disambiguate classes that only occur in one of the primary and
auxiliary images, whereas the union task, by its very design, does not since it learns to
predict all classes present in both images.

Note that, for the most part, the results excluding contrastive learning (red vs blue and
orange vs green, where the former colour excludes CCT) either maintain or improve the
performance of co-occurring classes of interest and the overall mIoU performance. This
phenomenon is further investigated in Chapter 6, but for the remaining analysis in this
section, the best performing model configuration is used: trained using the intersection
task and no contrastive learning.

The major result, shown in Figure 5.14, is substantial improvement in the co-occurring
class pairs of interest, whilst more-or-less maintaining the overall mIoU performance.
Although, not all the layer groups improve all these co-occurring classes. Figure 5.14
shows the percentage improvement over MCTFormer+: the baseball glove and mouse
classes achieve a consistent improvement of more than 25%, with the baseball glove
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Figure 5.13: A grid of graphs comparing the performance of Multi-Layer Cross Image
Attention for different groups of layers, for COCO. The layers chosen are in groups of
3, from the second half of the transformer. Each graph shows results for a prominent
class from a co-occurrence pair (baseball bat & baseball glove, mouse & keyboard) and
the overall performance (mlIoU). The following model configurations are used:

(a) intersection overlap task and CCT applied to both branches (blue, I/CCT),

(b) intersection overlap task and no CCT applied to both branches (red, I/NoCCT),

(c) union overlap task and CCT applied to both branches (green, U/CCT),

(d) union overlap task and no CCT applied to both branches (orange, U/NoCCT)

(e) baselines of MCTFormer+ (solid black) and intersection overlap task with overlap
task applied to layer 8 (dotted black).
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Figure 5.14: Diagram showing the percentage increase in IoU performance for different
groups of layers compared to MCTFormer+, when applying multi-layer cross attention,
for COCO (values of 0 are unchanged, < 0 have worsened, and > 0 have improved).
The models used are trained with the Intersection overlap task and no contrastive learn-
ing (these are initially shown in Figure 5.13 and reformatted for display here).

achieving greater than 50% improvement for two layer groupings; the knife and fork
classes also achieve large improvements, but not greater than 25%. The baseball bat
only improves for one layer grouping and worsens for the others, which is troubling,
but the overall performance (mloU) is maintained for all layer groupings, which is a
positive result.

Consequently, applying explicit cross attention to multiple (i.e. 3), consecutive layers is
beneficial. However, further investigation is required to ascertain why some cases (i.e.
baseball bat) deteriorate under this cross attention scheme.

5.2.5 Critical Analysis of Cross Image Attention

In order to understand how the dual-branch model is actually behaving with the cross
image attention, we need to inspect the attention maps at each layer of the transformer
for some chosen images.

We use the model trained with the Intersection overlap task and explicit cross image
attention applied at layer 8 (i.e. a single layer). This single-layer cross attention model
performed well for co-occurring classes in COCO and is easier to inspect than the multi-
layer cross attention models. Figure 5.15 presents a low co-occurrence class pair case
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(elephant and bear) and Figure 5.16 presents a moderate co-occurrence class pair case
(sports ball and baseball bat), both from COCO. These two figures only show the refined
attention maps for 4 layers, which gives a good impression of the behaviour of the
attention maps: an early layer (Layer 4), the ones immediately before and after cross
attention is applied (Layers 7 and 8), and the last layer (Layer 11). The former case
allows us to see how the attention maps evolve for a case that the model is already
capable of solving. This means there will not be noise in the attention maps from
an inability to perform its training goal, but rather that any noise (or artefacts) will
solely be from the cross attention. Similarly, the latter case presents a slightly harder
comparison to understand how cross attention behaves even when the model is less
capable of solving the training goal.

Noticeably, the layer at which the cross attention is applied suffers from severe confu-
sion (in the auxiliary branch, since this is the direction in which the cross attention is
applied): prior layers had general attention around the objects of interest, but the lay-
ers afterwards seemed to lose all semblance to what they were meant to be attending.
An interesting phenomenon is that at the cross attention layer, an imprint of objects
in the primary image can be seen in the attention of the auxiliary image. This means
that information transfer is definitely happening, but that either the cross attention’s
current form or the auxiliary branch’s training task (i.e. the overlap tasks) are deficient
and the model is not able to learn an effective way of utilising the shared information.

The class classification score indicates the model’s ability to recognise that the classes
exist in the image (i.e. the classification task). The value is on a scale from 0 to 1, and
is passed through a sigmoid activation function before being compared to the ground-
truth labels. For the harder case in Figure 5.16, the model struggled to classify the
objects. For example, the model correctly classifies the baseball bat in the primary
image with decent attention coverage, but only attends to a small region of the sports
balls and even misclassifies these pixels. This has a knock-on effect, since the bad
attention for the sports balls in the primary image causes the model to be uncertain
about their presence in the auxiliary image (when previously it was confident), thereby
causing the classification score to fall and the sports ball attention to become quite poor.
The model is able to recover the auxiliary sports ball attention, but loses a lot of effort
in the process.

Consequently, we have gained a general understanding that the cross attention is not
performing as intended, despite the favourable results obtained in Section 5.2.4. How-
ever, we have confirmed that cross image attention is a valid, and capable, method of
information sharing between the two branches. Therefore, a more principled approach
is required, which is discussed in Section 5.2.6.

5.2.6 Principled Revision of Cross Image Attention

Following the critical analysis of current cross image attention schemes in Section 5.2.5,
a more principled approach to the development of an effective cross image attention
scheme is required. We observed that cross image attention is quite capable of trans-
ferring information from one branch to the other, but that the particular way it was
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Figure 5.15: Not Co-occurring Case (0.18%). Diagram showing the attention maps for
the primary (left) and auxiliary (right) images, when Explicit Cross Image Attention
is applied just before the Layer 8 row (using the Intersection Overlap task). The top
row shows the original images and corresponding ground-truth pixel masks, which are
taken from COCO. There are only two classes present, bear and elephant, so we show
the attention maps for these classes only. Each image has three columns, where the first
two columns are the final refined attention maps (according to Section 4.3.4) from the
specified transformer layer and for the specified class. The classification score (€ [0, 1])
for the specified class is included as the header for the column. The final column for
each image is what the pseudo label would be if the fused attention maps from that
layer were used. The classes involved for this case are not co-occurring. The attention
or activation heat map is scaled from red (low) to blue (high).
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Figure 5.16: Moderately Co-occurring Case (16.43%). Diagram showing the attention
maps for the primary (left) and auxiliary (right) images, when Explicit Cross Image
Attention is applied just before the Layer 8 row (using the Intersection Overlap task),
where the images are taken from COCO. There are only two classes present, sports ball
and baseball bat, so we show the attention maps for these classes only. The columns
are in the same configuration as in Figure 5.15, with the classification score (€ [0, 1])
for the specified class included as the header for the column. The classes involved for
this case are moderately co-occurring. The attention or activation heat map is scaled
from red (low) to blue (high).
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Figure 5.17: Diagram showing the application of cross attention at multiple, consec-
utive transformer layers, specifically, layers in the second half of the transformer, from
the auxiliary to the primary branches.

transferring the information (i.e. replacing the auxiliary Query matrix with the primary
one) led to the model not utilising it effectively.

All the previous cross attention schemes transferred information without considering
what information was actually being shared. Our original goal is to solve the class
co-occurrence problem. Therefore, the cross image attention should directly share in-
formation relating to co-occurring class pairs, but not necessarily information relating
to other classes. For example, when considering COCO, the query vectors for the base-
ball bat and baseball glove pair should be shared, but not those for the bear or elephant
classes (which do not co-occur with another class).

Additionally, since it is the primary image that is being segmented, and the auxiliary
image is simply meant to aid that process, it is more sensible to change the direction in
which the cross attention is applied: from the auxiliary branch to the primary branch.
The purpose of this is that the auxiliary branch’s recognition of an object is used to
improve the recognition of the same class in the primary branch — this is feasible
considering that the attention maps in Section 5.2.5 showed an imprint of a class from
one image in another image (i.e. class information is transferable). This directional
change is depicted graphically in Figure 5.17, for the same multiple, consecutive layers
case investigated in Section 5.2.4.

However, Section 5.2.5 made an argument that the explicit cross attention scheme,
where the Query matrix in one branch is replaced by the Query matrix from the second
branch, is deficient. Considering that we are now applying the cross attention with
the goal of improving the quality of the attention for specific classes, it makes sense
to choose an augmentation scheme for the query matrices from the two branches to
reflect that. For example, the model confidence of predicting the existence of a class
in the primary and auxiliary images is shown in Table 5.1 for a primary image with
both the baseball bat and sports ball classes and an auxiliary image with only the sports
ball class. The model is not initially confident about the existence of the sports ball
class in the primary image, but after the summation of confidence from the auxiliary
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Branch/Class Baseball Bat Sports Ball

Primary 1 0.5
Auxiliary 0 0.9
+ 1 1.4

Table 5.1: A table showing the probability with which a model thinks a class is present
in the primary and auxiliary images. The final row denotes the resulting probability
change for the primary image after the two branches’ probabilities are summed to-
gether. The primary image has both the baseball bat and the sports ball classes, but the
auxiliary image only has the sports ball class.

branch, the model has had its confidence regarding the existence of the sports ball in
the primary image improved. Consequently, we begin by summing the query vectors
from the auxiliary branch to the ones from the primary branch (other augmentation
methods are examined in Section 5.2.7).

This new cross image attention scheme (called CIA-AP — Cross Image Attention from
the Auxiliary to Primary branch) is what we find most beneficial and, therefore, what
we use in our final Cross Image Attention scheme in Section 4.5.1. Consequently, the
mechanics and mathematics for CIA-AP is presented in Section 4.5.1.1, and we will
re-use the cross attention formula in Equation (4.12) and the masking function, f, in
Equation (4.14) here. The only difference to the final formulation is that we begin with
the summation as the augmentation method. As such, the function g in Equation (4.13)
is redefined as:

g(A,B) = A+ B, (5.3)

for two sets of query vectors, A and B, where the summation is performed element-
wise.

However, a different mining strategy is required to sample an auxiliary image to com-
plement the primary one, in order for the cross attention between these two images
to be meaningful. Consequently, whenever there is a primary image containing both
classes of a co-occurring pair, an auxiliary image that contains precisely one of the pair
of classes is chosen. If the primary image does not have a co-occurring pair of classes,
then the auxiliary image is randomly mined (random mining is the best performing,
naive strategy, as discussed in Section 5.2.2). We manually define which pairs of classes
are co-occurring by setting a threshold: any pairs of classes with co-occurrence equal
to or greater than this threshold are considered a “co-occurring class pair”, otherwise
they are not.

We also apply the same co-occurrence threshold to decide which classes to apply cross
attention to, since it makes sense that if we mine images based on certain class pairs,
we should only use the information from these class pairs for transferring information
and potentially improving the attention quality. Note that if the primary image has no
“co-occurring class pairs” and random mining is used to obtain the auxiliary image,
then cross attention is only applied to the query vectors for the patch tokens.
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Finally, the training task for the auxiliary branch is required to be the normal clas-
sification task, under this revised cross image attention scheme and mining strategy.
Firstly, the auxiliary branch no longer receives additional information from the cross
attention (since it operates in the reverse direction now), so its training task needs to
be based solely on information contained in the auxiliary image itself. Secondly, the
normal classification task will drive the auxiliary class tokens to represent what is in
the auxiliary image, so that when they are used for cross attention, they are useful rep-
resentations. The primary branch remains training on the normal classification tasks
because we want to recognise all the classes in the image (we are doing segmentation
on this image) — the cross attention will merely apply extra attention (if necessary) to
the identified co-occurring classes.

In summary, the revised CIA-AP implements the following:
1. Apply cross image attention from the auxiliary branch to the primary branch.

2. Sum the query matrices together instead of replacing the “target” one (the pri-
mary one in this case). This augmentation method is revisited in Section 5.2.7.

3. Only apply cross attention to the query vectors corresponding to certain classes.
These classes are co-occurring pairs, as decided by a pre-determined co-occurrence
threshold.

4. Cross attention is applied to all the patch token query vectors whenever it is ap-
plied to at least one query vector corresponding to a class, a decision which is
revisited in Section 5.2.8. However, if there are no classes to which we are ap-
plying the cross attention, then we can optionally turn the entire mechanism off
and not apply cross attention to the patches either (this setting is called “turnoft”
mode).

5. Use the updated mining strategy to choose an auxiliary image with exactly one
of a co-occurring pair of classes, whenever the primary image has both of the
co-occurring pair of classes. Otherwise, use random mining. The threshold to
determine which class pairs are co-occurring is the same as for the cross attention
co-occurrence threshold.

6. Use normal classification as the training task for both branches.
Experimental Results
The model configurations tested under this adjusted scheme are as follows:

1. The mining and cross image attention co-occurrence thresholds are set, for COCO,
to be 0.46 or 0.2491, which correspond to the top 2 and 10 co-occurring pairs of
classes, respectively. After the two worst cases, there is approximately a 16%
decrease in co-occurrence to the third case — it is prudent to investigate these
two class pairs in isolation. Thereafter, the decrease in co-occurrence is fairly
linear, so we also choose to investigate the ten worst cases for comparison.

2. The cross attention is applied selectively to the classes and if no classes are se-
lected (because no co-occurring class pairs are present), then cross attention will
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still be performed on the patch query vectors. The optional “turnoff” mode allows
the cross attention mechanism to be disabled in these cases, thereby preventing
cross attention on the patch query vectors as well.

3. We follow the promising result in Section 5.2.4 and choose to use the 2 best
groups of multiple, consecutive layers. These are (6,7,8) and (7,8, 9), since they
had the single highest and most stable performance improvement, respectively.

4. Contrastive learning is also temporarily disabled, since it was found to hinder
performance in Section 5.2.4.

5. Since contrastive learning is disabled, we also use MCTFormer+ without con-
trastive learning as our baseline. As noted in Section 4.3.5, this version of the
baseline also improves over the one with contrastive learning, although we ex-
pect that is, in part, due to the presence of strong co-occurrence in COCO.

Figure 5.18 compares results for our model configurations. At least one of our configu-
rations generally performs on-par or better than the baseline for most of the classes of
interest. We can immediately see that we achieve around double the performance for
the baseball bat class, with lower, but still notable, improvements for its partner, base-
ball glove. Despite these impressive improvements, the knife and fork pair generally
suffers, and the overall performance slightly decreases compared to the baseline.

For completeness, we include the percentage increase of these models over the MCT-
Former+ version with contrastive learning (the baseline we have used previously) in
Figure 5.19. In these cases, all the classes of interest, except for a couple of cases,
increase performance, and generally do so by a large amount. In this comparison,
baseball glove outperforms baseball bat, but both still improve by a large amount. Im-
pressively, there is barely any change in the overall mIoU performance, suggesting we
are maintaining good general performance for all the other classes in the dataset.

Comparison to the complementary results to this set, obtained using the Multi-Layer
Explicit Cross Image Attention scheme and presented in Figure 5.14, shows superior
performance in nearly all aspects for CIA-AP. Specifically, in the best cases, performance
for the classes is improved, with larger percentage increases over MCTFormer+, and
in the few cases where performance degrades (keyboard for layer group (6,7,8) in
Figure 5.19a, and fork for layer groups (6, 7, 8, turnoff) and (7, 8, 9, turnoff)), it does so
to a lesser degree.

Both co-occurrence thresholds tested deliver promising results, and both enabling and
disabling “turnoff” mode provided merit. In both of these configurations, there is no
single setting that outperforms the others, so we continue investigating these configu-
rations in later sections.

Finally, Section 5.2.1 found that the use of the “same” inference mining strategy out-
performed other ones and it became the default approach. However, as discussed in
Section 5.3, using such a strategy for the CIA-AP cross attention scheme is detrimental
to performance, since it leads to the softmax distribution in the self-attention mecha-
nism becoming more “peaked”, which greatly reduces the coverage of the important
co-occurring objects. However, Section 5.2.1 also observed that the “same” mining
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strategy is tantamount to no cross attention being applied during inference. Therefore,
when performing inference with CIA-AP models, we do not apply any cross attention
and only pass the primary image through the model.

Consequently, the revised CIA-AP is a success.

5.2.7 CIA-AP Query Augmentation Methods

Section 5.2.6 found CIA-AP to be quite successful and outperforms previous cross image
attention methods. One of the main adjustments it made was to sum the relevant query
vectors together. However, this introduces potential scaling issues during inference.

If the normal numerical range for a component of a query vector is [a, b] € R?, then by
adding two such components together, the range of the sum falls in the range [2a, 2b)].
During training, this re-scaling is incorporated into the model’s learning and it might
come to expect that for members of co-occurring class pairs, the query vector will gen-
erally be larger. However, during inference, since we no longer perform cross attention,
there is no opportunity for these query vectors to be re-scaled. If the model expects a
larger scale than it receives, then it might “under-activate” for the co-occurring class
tokens.

Therefore, we investigate two other cross attention augmentation methods:

1. Mean: by taking the average of two corresponding components between the query
vectors, the numerical scaling is maintained. This is mathematically identical to
the final cross attention scheme (in Equation (4.12)) and the final augmentation
function, g, chosen for our final model, and represented in Equation (4.13).

2. Swap: by replacing a component in the primary query vectors with the com-
ponent from the corresponding auxiliary query vector, the numerical scaling is
maintained. This is the same augmentation method used for all previous Cross
Image Attention schemes. Even though Section 5.2.5 found it to be deficient, we
include it for completeness. This is mathematically identical to the cross atten-
tion used in the final model, represented in Equation (4.12), with the only change
being the augmentation method, g:

9(A, B) = B, (5.4)

where the sets of query vectors A and B originate from the primary and auxiliary
branches, respectively.

3. We briefly consider taking the projection of the primary query vector onto the
auxiliary query vector, and using that as the updated primary query vector. This
implies that we combine the query vector magnitude from the primary query
vector with the direction from the auxiliary query vector. The intuition in this
projection is that if the primary query vector is ambiguous, then we can refine it
by moving it in the direction of the high-quality auxiliary query vector. Performing
the projection in the other direction (from the auxiliary to the primary query
vector) also has merit. However, we do not pursue this concept further, since the
potential decrease in magnitude the primary query vector will incur as a result of
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Figure 5.18: A grid of graphs comparing the percentage increase in performance of
CIA-AP for different groups of layers, for COCO, over MCTFormer+ without CCT. The
layers chosen are in groups of 3, from the second half of the transformer, which were
high-performing configurations in Section 5.2.4. “turnoff” indicates that patch cross
attention is not used if there are no co-occurring pairs of classes (and so no class cross
attention). Each graph shows results for prominent class co-occurrence pairs (baseball
bat & baseball glove, mouse & keyboard, knife & fork) and the overall performance

(mlIoU).
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Figure 5.19: Graphs showing the percentage increase in performance, over MCT-
Former+ with CCT, for different model configurations in terms of layer groupings,
“turnoff” mode for the cross attention being optionally enabled, and co-occurrence
threshold. The classes shown are those with the most prominent co-occurrence in

COCO (baseball bat & baseball glove, mouse & keyboard, knife & fork) and the overall
performance (mloU).
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the projection re-introduces the scaling concern that prompted the investigation
of alternate augmentation methods to the “sum” in the first place.

The results from these three augmentation methods (sum, mean, and swap) are pre-
sented in Figure 5.20, which presents an aggregation of results from a large number
of experiments in order to compare their performance effectively. Plotted are the best
performance for each class of interest (which may come from different model configura-
tions) and the average performance over each experiment, per augmentation method.
The model configurations investigated are the same as those in the previous section,
Section 5.2.6.

Initially considering the “swap” method, it is outperformed by the other methods on
both graphs’ metrics (absolute performance comparison and percentage increase over
MCTFormer+), for all the classes of interest: in the cases where it outperforms either
the sum or the mean, it will only outperform one of them. Combined with the finding
from Section 5.2.5 about the deficiency of the “swap” method, we choose to remove it
from future investigations.

The “mean” method performs largely on-par with the “sum” method. Even though the
percentage increase for the “sum” method appears to be substantially larger than the
“mean” method for the baseball bat, baseball glove, and fork classes, the absolute per-
formance increase is much more marginal. For direct comparison between the methods,
it is more correct to use the absolute performance, since the percentage increase metric
depends on the baseline performance and is tempered by the baseline’s predisposition
to perform well for some classes but not for others. Additionally, despite that for these
same classes (baseball bat, baseball glove, and fork), the absolute performance average
is better for “sum” than “mean”, the maximum performance is much closer, suggesting
that there is a model configuration that performs well even though another configura-
tion performs badly (which is what would drag the average down).

Furthermore, the semantics surrounding the “mean” method are more favourable than
the “sum” method: there are no scaling concerns; and the mean also mitigates instances
where the model is over- or under-confident for a class’s existence in either the primary
or auxiliary images.

Therefore, we find that the “mean” method of augmenting the query vectors during
cross attention is favourable to the “sum” method.

Figure 5.21 compares the performance of the two co-occurrence thresholds when using
the “mean” method (0.2491 in blue and 0.46 in red) — it is just a different view of the
results presented in Figure 5.20. Generally speaking, the 0.2491 models outperform the
0.46 ones: for the most co-occurring pair of classes, baseball bat and baseball glove, the
former threshold far outperforms the latter, and only the knife and fork pair have 0.46
models slightly outperforming the 0.2491 models. In terms of overall performance,
the models trained under the two thresholds are largely similar. Therefore, since our
focus is on improving performance for highly co-occurring class pairs, we choose to use
0.2491 as the co-occurrence threshold henceforth. This threshold corresponds to the
top 10 pairs of co-occurring classes.
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Figure 5.20: Graphs showing the performance comparison for three cross attention
augmentation methods: sum, mean, and swap (replacement). Due to the number of
experiments, aggregate information for each group is shown. That is, the maximum
and mean performance for each class (from COCO) across the tested models is plotted,
for each of the augmentation methods. The colours denote the augmentation method.

The darker shade is for “maximum” aggregation and the lighter shade is for “average”
augmentation.
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thresholds for various model configurations, for COCO. The blue results are for 0.2491
(top 10) and the red are are 0.46 (top 2). The legend is formatted at “[co-occurrence
threshold, layer group]”.
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5.2.8 CIA-AP Layer Choices

This section largely challenges decisions made in earlier sections and argues the merit
of certain architectural decisions. Specifically, the following decisions are investigated
further:

1. The use of groups of multiple and consecutive layers from the second half of
the transformer, introduced in Section 5.2.4. The decision to use multiple layers
is based on finding a middle ground between the underwhelming results of cross
attention applied to alternating layers (as in Section 5.2.1) and the promising
results of single-layer cross attention (Section 5.2.3). However, the choice of 3
layers was rather arbitrary, as was the restriction that they had to be consecutive.
Whilst using layers from the second half of the transformer drew parallels from
the behaviour of layers in CNNs, there is no evidence to suggest transformer layers
behave the same way, with early layers learning low-level information and later
layers learning more abstract information.

2. The use of query vectors corresponding to the patch tokens being used in the cross
image attention. Section 5.2.6 introduced “turnoff” mode, whereby no cross at-
tention would be performed if there were no overlapping co-occurring classes be-
tween the primary and auxiliary images. However, in the case where there is such
an overlapping class, then cross attention is performed between the patch tokens
as well. Class tokens encode holistic information about a class and patch tokens
encode contextual information about a spatial region of the image. Additionally,
the goal of cross attention in CIA-AP is to share high-level and confident informa-
tion about co-occurring classes and their presence in the images. Therefore, it is
reasonable to expect that performing cross attention between the patch tokens is
not meaningful, since we cannot identify up-front what classes are present in the
patches and we cannot trust that sharing patch-level information will improve
attention for co-occurring classes as intended. Considering self attention, this
would be tantamount to modelling the relevance of patch content in one image
to the patch content of the second image, where we should be refining the rele-
vance of a class to all patches, thereby giving the patches an opportunity to have
high attention (resulting from the self attention dot product) for a co-occurring
class (if it is necessary).

A suite of experiments is conducted where the following parameters are changed in the
configuration between models:

1. The number of layers for which cross attention is applied. Values of 2, 3, 5, 10,
and 11 are chosen (the transformer has 12 layers).

2. The specific layers for the cross attention are randomly chosen at the beginning
of training and maintained for the whole training cycle. The layers chosen do not
have to be consecutive nor do they have to be from the second half of the trans-
former. The models with 10 and 11 layers exclude the first and last layers, and the
last layer respectively. Hence there is only one possible choice of layers for these
configurations. The last layer is excluded since its information is directly used
by the classification module and performing cross attention here could introduce
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unnecessary noise. It is not clear if the first layer acts as an embedding layer (or
something of the sort), so we have versions where we include or exclude it (i.e.
the 11 and 10 layer models, respectively).

3. For the 2, 3, and 5 layer models, versions are included where the layers for which
cross attention is applied are randomly chosen at the beginning of each batch
during training. This will help ascertain whether fixing the specific layer choices
at the beginning of training introduces some kind of learnt dependency that these
layers expect the refinement from cross attention.

4. The inclusion or exclusion of patch token query vectors in cross attention. This is
denoted by “incl” or “excl” in the model configuration, respectively. The mathe-
matical formulation of the inclusion or exclusion of patch token query vectors is
described in Equation (4.14), as part of the cross attention masking function, f
— the inclusion of patch query vectors requires no manipulation since that is the
default behaviour, but the exclusion of them is attained by setting the set of patch
indices to be empty (i.e. set P = @).

The results are presented in Figure 5.22, for select co-occurring classes of interest and
the overall performance — owing to the number of experiments conducts, results from
similarly-configured models have been aggregated according to the maximum and av-
erage performance (this aggregates models with different random choices of layers, for
the same number of layers). However, the complete results for the co-occurring classes
of interest and the overall performance are included in Table A.3, which demonstrates
the random nature of the choices of layers for the application of cross attention.

With respect to Figure 5.22, when considering the performance of models using 3 lay-
ers, the maximum and average performance either outperform or match the perfor-
mance of other configurations. The only exception is the Baseball Glove class, where
10 and 11 layer models without patch token cross attention outperforms them, but the
3-layer models do still match the previous-best baseline performance. However, 10 and
11 layer configurations are outperformed to a far greater degree for other classes (i.e.
Baseball Bat, Mouse, and Keyboard). Additionally, in just about all configurations, the
MCTFormer+ baseline is outperformed, and competitive performance to the previous-
best model is achieved — there are some cases where this is not the case (i.e. mainly
the 10 and 11 layer runs, for the Baseball Bat, Mouse, Keyboard, and mloU classes).
Therefore, using too many layers (refer to the 10 and 11 layer models) is counterpro-
ductive, but using similar numbers of fewer layers achieves comparable performance.
As a result of this sweep, we find that the use of 3 layers achieves the best general
performance for classes of interest.

Additionally, as demonstrated in Table A.3, and by the relatively small differences be-
tween the maximum and average performance in Figure 5.22, the exact choice of lay-
ers is not important. Various choices result in better performance, but they are still
comparable to the other collections of layers and the inclusion of early layers is still
competitive. In the same vein, the “batch” performance generally performs worse than
the maximum and the average results for given configurations of models, suggesting
that constantly changing the layers to which cross attention is applied is actually a
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hindrance. Therefore, it is unlikely that the model is learning any dependence on the
specific layers for cross attention and, if it is, then it is proving more beneficial than
not.

Finally, for a given number of layers, the performance between models including or
excluding the patch tokens from cross attention is quite similar. Indeed, for particular
combinations of layers, it is arbitrary whether the inclusion or exclusion will lead to bet-
ter results. Therefore, it stands to reason that the collective combination of the specific
layers and the inclusion/exclusion of patch tokens is what achieves high performance,
and is not based on only one of these component parts.

Specifically, the model trained without cross attention applied on the patch tokens, and
for layers 3, 5, and 6, is the best-performing model from this suite, in terms of overall
performance. It achieves competitive performance on co-occurring classes to the other
configurations, but the higher overall performance means it is performing well on other
non-co-occurring classes as well. Hence, we use it as one of our final configurations,
presented in Section 4.5.

5.2.9 Third Branch

The previous sections in this chapter have all made use of the dual-branch framework.
Section 5.2.6, Section 5.2.7, and Section 5.2.8 initially introduced CIA-AP, and refined
and justified various design decisions, with success. CIA-AP introduced the core idea of
only applying cross image attention between the primary and auxiliary branches when
the primary image had a pair of co-occurring classes, where a pair of classes is co-
occurring if their co-occurrence rate is above a chosen threshold. The auxiliary image
is mined such that it has exactly one of the pair of co-occurring classes present in the
auxiliary image.

A natural extension of this dual-branch framework is to introduce a third branch. Cur-
rently, the auxiliary image will overlap on only one of the co-occurring classes and will
only refine the query vector one of the pair of classes, with no guarantees being made
about which of the pair is chosen to overlap with the auxiliary image. Consequently,
the remaining class still operates as it did for MCTFormer+, which Chapter 3 found
to be inadequate. Additionally, we may inadvertently be introducing bias towards one
of the classes since we only aim to improve attention for one of the classes. There is
room for additional supervision to the remaining class: by sampling a second auxiliary
image, which only overlaps on the remaining class of the pair, this auxiliary image can
similarly improve the remaining class.

Similarly to Equation (4.12), let Q,, Q) , and Q/,, be the learnt query matrices for a

ai?

particular transformer layer, [, for the primary, and first and second auxiliary branches,
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Figure 5.22: Graph comparing the aggregated absolute performance (maximum in blue
and average in red) for various numbers of randomly-chosen layers, for cross attention
that includes or excludes the patch query vectors (which is the model configuration).
Each graph corresponds to a class of interest from COCO. The purple (“batch”) columns
correspond to the layers being randomly changed at the beginning of each batch, where
other runs have their layers randomly chosen once. The green baseline is MCTFormer+
(with CCT, as per the original configuration), and the yellow baseline is the previous
model configuration which performed the best (it performed cross attention on layers
6, 7, and 8). The 10-layer runs exclude the first and last layers from cross attention,
and the 11-layer runs exclude the last layer — there is only one configuration of these
layers, hence no “batch” run exists for them.
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respectively. Then the query augmentation is the mean of these matrices:

h( ;ip 31)

T

W RN =N -

(h( ;,81)+h( 21751))

h(Qy:52) < 5 (h(Qy 52) + h(Q,, 52)) (5.5)

h(Q!, P) «

p?

(7(Qy, P) + h(Qq, . P) + 1(Qq,, P))

where Qi , € RO )xd ' is the number of class tokens, N? is the number of patch
tokens, and d is the dimensionality of the tokens. A is a function to mask the specified
query vectors to operate on — it is identical to f in Equation (4.14), except that it
operates directly on the set of indices passed to it without augmenting it: h(Q,s) =
Qls. s; and s, are sets containing the indices of the class in the co-occurring pair
present in the respective auxiliary image and which overlaps with the primary image.
P ={2,{C,C +1,--- N> — 1}} is the set of patch indices, which can optionally be
set to the empty set (for example, if the patch token’s query vectors are chosen to be
excluded from the cross attention).

Equation (5.5) handles the averaging of class query vectors between the primary and
auxiliary branches separately, as well as the averaging of the patch query vectors across
all three branches separately. Due to the nature of mining the auxiliary images, s;
and s, are mutually exclusive (i.e. a co-occurring class which overlaps between the
primary and first auxiliary images will not overlap between the primary and second
auxiliary images). Hence, the averaging of class query vectors will happen between the
primary branch and precisely one auxiliary branch per query vector, and so the average
is taken over two branches. Since g operates on the exact set of indices passed to it,
the averaging of class query vectors in the first two parts of Equation (5.5) does not
operate on the patch query vectors in any way. Therefore, the patch query vectors are
averaged across all three branches.

Figure 5.23 presents the complete results under the triple-branch scheme, with com-
parisons to two previous high-performing dual-branch models. Due to the number of
experiments conducted, we summarise the information with the maximum and aver-
age performance across the runs. Table A.4 presents the complete set of results for the
classes of interest.

Focusing on the blue columns, which correspond to the pseudo label quality obtained
using the final checkpoint after the usual 45 epochs of training, the results are out-
performed by both baselines. Even taking the best class score across the models does
not outperform the dual-branch baselines, despite the extra cross image attention and
supervision.

We suspect the main reason for this underwhelming performance is overfitting. Under
the CIA-AP scheme, the auxiliary branches will always perform classification training,
even when there is no co-occurring class pair overlap with the primary image. That
is, when the primary image has a co-occurring pair of classes, then the two auxiliary
images are specially mined, cross attention takes place, and all three branches perform
classification training. When the primary image does not have a pair of co-occurring
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classes, then random mining for the two auxiliary images is performed instead and no
cross attention occurs (since all the models use “turnoff” mode for cross attention), but
all three branches still perform classification training on their respective images. Since
the branches use shared weights, the triple-branch framework will perform 50% more
training than the dual-branch framework.

Hence, we perform the same pseudo label evaluation using an earlier checkpoint, be-
fore overfitting has had a chance to occur. We choose checkpoint 25 (instead of the
full 45) — this is supported by the training and validation curves in Figure A.1, which
shows that at epoch 25, the validation loss had not started increasing again. Inciden-
tally, Figure A.1 also supports the intuition that overfitting has occurred by Epoch 45.

Incorporating the early-stopping results in the red columns in Figure 5.23, it is evident
that for all classes of interest except the mouse, performance improves over the 45
epoch version of the pseudo labels. However, the results are still largely underwhelm-
ing, with only the peak performance of Baseball Glove and Knife outperforming the
dual-branch baselines.

Consequently, we discontinue the third-branch idea, since it obtains equal or worse
performance than the dual-branch models.

Finally, this phenomenon of repeated training on the same set of shared weights across
the branches also occurs in the dual-branch framework under CIA-AP. It might also
run the risk of overfitting on the full 45 epochs of training. However, Section 5.1 finds,
using Figure 5.2, that no overfitting occurs with the dual-branch framework. Therefore,
the overfitting incident is isolated to the triple-branch case.

5.3 Inference

Inference using the dual-branch framework is an important stage in generating pseudo
labels since we now need to utilise the cross image context stored in the transformer’s
weights.

This section discusses two main ideas relating to inference. Firstly, Section 5.3.1 presents
the inference-time auxiliary image mining and cross image attention strategy that is
most effective. Secondly, Section 5.3.2 resolves ambiguity regarding the layers to use
for extracting the attention maps from the transformer layers.

5.3.1 Cross Image Attention Strategy

The early cross image attention schemes before CIA-AP was introduced in Section 5.2.6
— that is, Conventional Cross Image Attention, Explicit Cross Image Attention (both
from Section 5.2.1), Single Layer Explicit Cross Image Attention (Section 5.2.3), and
Multi-Layer Cross Image Attention (Section 5.2.4) — used the “same” inference mining
strategy, since Section 5.2.1 empirically found it preferable to other inference mining
strategies. The “same” mining strategy uses the primary image as the auxiliary image
as well. These cross attention schemes all swapped query matrices between the two
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Figure 5.23: Graph showing the performance across classes of interest (from COCO)
for the triple-branch version of our framework. Aggregated values (maximum in the
darker shade, and average in the lighter shade) are plotted for versions of the model
evaluated on the final checkpoint (at Epoch 45) in blue, and on an earlier checkpoint (at
Epoch 25) in red. The aggregation is performed over models with varying layer choices,
the inclusion and exclusion of patch token query vectors during cross attention, and
the inclusion and exclusion of contrastive learning. Two high-performing dual-branch
model baselines are included for comparison in green and yellow.
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branches in their cross attention. Consequently, during inference, using the same im-
age as primary and auxiliary images is tantamount to not performing cross attention
between the branches at all: each branch has the same class tokens (all initialised using
the same DeiT-S class token — this is inherited from MCTFormer+) and the same patch
tokens (since they have the same image) passing through the same transformer weights
(since the branch weights are shared). Therefore, the cross attention swapping Query
matrices between the two branches is just replacing numbers with the same numbers,
leading to the attention behaving as if no information exchange had taken place.

Section 5.2.6 introduced the concept of Query augmentation with CIA-AP, which let
the resultant Query matrix be a combination of both the primary and auxiliary input
Query matrices. Using the “same” inference mining strategy under this condition is
detrimental.

Consider the Softmax activation function, used in self-attention in Equation (4.1):

e

Z]Q:I e’

(5.6)

where 7' is a row from the scaled dot product from Equation (4.1), Z = Q—\/Ig.

Therefore, if we refine some components of Z with CIA-AP, some exponentials in Equa-
tion (5.6) are raised to a larger power, making the distribution more peaked for these

components. For example, under the “sum” augmentation method, this component
would be doubled.

The interpretation of this in terms of attention over the relevant class (that the row
from Z corresponds to — that is, one of the orange, red, or green sets of attention
values in Figure 4.6b), is that the “hot” areas get “hotter” and the “warm” and “cool”
areas get “colder”. This means that the overall attention applied to this class will get
smaller, making it more likely another class will have higher attention for this region,
thus causing its pixels to be misclassified. Therefore, the coverage of the class (and, by
extension, co-occurring classes) will shrink, reducing IoU performance.

In order to avoid this, we adopt the same inference strategy that we had with cross
attention schemes prior to CIA-AP: do not perform cross attention. We simply pass
the primary image through the network without an auxiliary image (i.e. the auxiliary
branch remains idle). Evidently, this strategy leads to favourable results (Section 5.2.6,
Section 5.2.7, Section 5.2.8).

5.3.2 Layers for Extracting Attention Maps

Our dual-branch framework is built on MCTFormer+. Seeing as we are performing
segmentation on the primary image (i.e. the end goal), we only use the attention maps
from the primary branch to obtain estimated object regions. Therefore, we utilise the
same method that MCTFormer+ does, and which Section 4.3.3 explains.

However, there is ambiguity in the choice for the value K in Equation (4.7), where K
is the number of transformer layers (starting from the last layer) from which attention
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Figure 5.24: Graph comparing performance of various models when extracting atten-
tion maps from all the layers versus only the last 3, on COCO. The colours represent
groups of runs — presented are, both with and without contrastive learning (CCT), the
baseline MCTformer+ and the model we used with Single Layer Explicit Cross Image
Attention applied to Layer 8, using the Intersection overlap task. The darker shade of a
colour corresponds to inference on all the transformer layers, and the lighter shade to
inference on the last 3 transformer layers.

maps are extracted and averaged together. Xu et al. [2024] report that the last 3 layers
should be used, however, their linked repository implements it with all 12 transformer
layers.

Consequently, we test it ourselves, with results presented in Figure 5.24, for two mod-
els, both with and without contrastive learning, namely MCTFormer+ and the Explicit
Cross Image Attention model where cross attention is applied to Layer 8 and the in-
tersection overlap task is used. For the vast majority of the runs, the 12-layer version
outperforms the 3-layer version (i.e. the darker shade column is higher than the lighter
shade column), with the exception of MCTFormer+ (with CCT) for fork, knife, mouse,
and keyboard, and the Explicit Cross Attention model (without CCT) for keyboard.

Therefore, we use all the transformer layers when extracting and averaging the atten-
tion maps for inference.
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5.4 Summary

This chapter presented our investigation into the application of Cross Image Attention
for WSSS, specifically aimed at addressing the issue of class co-occurrence (Chapter 3).
Our final dual-branch framework applies cross attention by augmenting the primary
branch’s Query matrix with that of the auxiliary branch, derived from an auxiliary
image selected to share only one of the co-occurring classes with the primary image.
This ensures that the auxiliary image provides a pure and reliable query vector for the
ambiguous class pair.

The ablation studies conducted in this chapter extensively examine various design
choices related to the application of cross attention. This includes our proposed CIA-AP
mechanism, which selectively targets the co-occurring classes by enhancing their query
vectors to improve attention for difficult co-occurring pairs, such as Baseball Bat and
Baseball Glove, Mouse and Keyboard, and Knife and Fork. The results demonstrate that
using the mean augmentation method is the most effective choice, providing a simple
yet powerful way to refine the query vectors and improve segmentation performance.
Additionally, we find that the specific choice of layers for applying cross attention is not
particularly critical, as effective performance can be achieved across a range of layer
groupings.

Furthermore, we compare our cross attention mechanism against conventional alter-
natives, showing that our approach more effectively handles co-occurrence by transfer-
ring relevant information between the branches. The shared-weight architecture of our
dual-branch model proves essential, ensuring consistent generation of query vectors
and enhancing the compatibility of cross attention.

Overall, while our method does not yet surpass the current state-of-the-art, it effectively
mitigates the detrimental effects of class co-occurrence, providing valuable insights
into how cross image attention can be better leveraged for weakly supervised semantic
segmentation.
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Chapter 6

CCT Prime: Class Token Alignment
with Contrastive Learning

Contrastive learning is a form of metric learning aimed at learning embeddings where
similar input instances are mapped to similar embeddings, while dissimilar instances
are mapped to embeddings that are further apart. The core idea is that if the distance
between embeddings accurately reflects the similarity between the corresponding in-
put instances, then the embeddings can be used to infer relationships and make deduc-
tions about the relatedness of various objects based solely on their representations. In
the context of weakly supervised semantic segmentation, contrastive learning can help
enhance class differentiation by ensuring that embeddings corresponding to different
classes are well-separated.

This chapter first provides a general overview of contrastive learning in Section 6.1
before discussing high performing work using contrastive learning in Section 6.2.

Chapter 4 demonstrated the effectiveness of cross image attention for addressing class
co-occurrence in weakly supervised semantic segmentation, and was supported by the
ablation studies conducted in Chapter 5. Building on that foundation, this chapter in-
vestigates the application of contrastive learning to further enhance performance. Ear-
lier discussions in Section 4.3 highlighted the contrastive learning module from MCT-
Former+, CCT, [Xu et al. 2024], which successfully improved performance on PASCAL
VOC 2012 but failed to achieve similar success on the more challenging MS COCO 2014
dataset, where increased class co-occurrence likely confuses the CCT mechanism.

To address this, Section 6.3.1 initially presents the inherited CCT module from MCT-
Former+ and Section 6.3.2 conducts a detailed behavioural analysis to establish its
strengths and weaknesses. Section 6.3.3 also provides initial performance evaluations
using earlier cross attention techniques. Following this, we propose an additional con-
trastive learning module, CCT Prime, designed to complement CCT by aligning rep-
resentations between branches (Section 6.3.4). While CCT focuses on learning rela-
tionships among class tokens within a single branch, CCT Prime aims to harmonise
representations across branches to enhance performance.
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Finally, Section 6.3.5 integrates CCT Prime with the CIA-AP mechanism introduced in
Section 5.2.6, presenting a unified framework that leverages both cross attention and
contrastive learning to effectively mitigate the co-occurrence problem.

6.1 Background

Contrastive learning is a popular self-supervised learning technique designed to learn
robust representations by bringing similar samples closer together and pushing dissim-
ilar ones further apart. Commonly used approaches include contrastive loss [Hadsell et
al. 2006], where positive pairs (similar samples) are encouraged to have high similarity
scores while negative pairs (dissimilar samples) are pushed apart. Another frequently
used approach is the triplet loss [Schroff et al. 2015], which minimises the distance
between an anchor and a positive sample while maximising the distance between the
anchor and a negative sample. These methods have been instrumental in various do-
mains, including visual representation learning, metric learning, and natural language
processing.

While numerous contrastive learning frameworks exist, our work primarily focuses on
a method inherited from MCTFormer+ [Xu et al. 2024], which employs a contrastive
learning mechanism specifically designed to enhance class token separation within a
transformer-based architecture. Importantly, the underlying mechanism relies on a
cross-entropy loss, which is a simpler yet effective alternative to traditional contrastive
losses and triplet losses.

6.1.1 Cross Entropy Loss

Cross Entropy Loss is a widely used objective function for training classification models,
measuring the discrepancy between predicted probability distributions and true label
distributions, and using this to encourage the model to produce high probabilities for
the correct classes. For a single data point with a true label y and a predicted probability
distribution ¢, the cross-entropy loss is defined as:

C
‘CCrossEntropy = - Z Yi IOg gi? (61)
=1

where C' is the number of classes, y; € {0,1} represents the ground truth label (1 for
the correct class and 0 otherwise), and y; is the predicted probability of the i-th class.

While Cross Entropy Loss is commonly associated with classification tasks, it also plays
a significant role in contrastive learning under certain frameworks. When applied in a
contrastive learning setting, the loss function is modified to distinguish positive pairs
from negative pairs by treating the problem as a binary classification task:

‘CCrossEntropy(ia j) = _(ij log gij + (]- - yzy) 1Og(1 - yij))a (62)

where y;; € {0,1} is 1 if embeddings i and j should be similar and 0 if they should not.
1;; is the predicted similarity score between the embeddings.
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In this work, CCT rephrases the contrastive learning aspect as a classification task. In
Equation (6.4), we take the computed similarity matrix, S, for a layer in the transformer
and encourage it to converge to the identity matrix. Cross Entropy Loss is used to
encourage the model to “classify” each element of the similarity matrix according to its
corresponding element in the identity matrix. The construction of S is done such that
it represents the degree of similarity between all the class tokens, and the classification
problem then follows.

6.2 Related Work

In this section, we review previous work related to metric learning, focusing on ap-
proaches that leverage learnt distance metrics and contrastive learning for weakly
supervised semantic segmentation. Section 6.2.1 discusses methods that employ a
learned distance metric to enhance feature representation. Section 6.2.2 covers recent
state-of-the-art techniques that incorporate contrastive learning, a powerful paradigm
for representation learning that aims to distinguish between similar and dissimilar sam-
ples, particularly in scenarios where supervision is limited or noisy.

6.2.1 Metric Learning (Distance Measures)

Metric Learning is discussed in Section 6.1, where a Distance Measure is a function
used to determine the similarity between two embedding vectors: similar embeddings
are “close” together and dissimilar embeddings are “far” apart.

Generally, fixed distance measures, such as the Cosine Similarity or L, Norm, are used.
Cosine Similarity measures the cosine of the angle between the vectors. This is based
on the idea that similar vectors tend to be more colinear, whilst dissimilar vectors tend
to point in opposite directions. The main advantage of Cosine Similarity is that it is in-
dependent of the scale of the vector components. The L, Norm takes the Euclidean Dis-
tance between two vectors. This has the drawback of being skewed by different scales
amongst the vector components. To fix this, the embeddings are generally normalised
first, resulting in the L,-normalised Euclidean Distance as the distance measure, which
is mathematically equivalent to the Cosine Similarity: both are monotonic functions
and yield the same ordering.

Additionally, learnt distance measures have also been used. Most notably, Chen et al.
[2017b] introduced a Quadruplet Loss, where an anchor, positive, and two negative
images are used to calculate the loss. However, the distance function used is replaced
by a trainable neural network, which acts as a learnt non-linear distance function.
The Quadruplet Loss aims to reduce intra-class variation, whilst increasing inter-class
variation, thereby improving generalisability from the training to the test set. However,
reimplementations struggle to get a similar performance improvement. Musgrave et al.
[2020] find that the improved results from metric learning papers (in the prior 4 years)
are overestimated and marginal at best, often stemming from unfair comparisons and
leakage of the test set into the training regime.
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Consequently, it is preferable to use a fixed distance measure, as opposed to a learnt
one like Quadruplet Loss.

6.2.2 Contrastive Learning Approaches

One of the most recent and high-performing models, SeCo [Yang et al. 2024], stands
out for its general applicability, as it can be applied to both class-background and class-
class co-occurrence. The model segments each image into multiple patches (a common
practice when using Vision Transformers) and assigns a category tag to each patch.
This tag represents an estimate of the most prominent class within the patch, derived
from CAMs produced by an auxiliary classification head incorporated into the model.
Contrastive learning is then applied between the various patch embeddings and be-
tween the patch embeddings and global class embeddings, with one global embedding
per class in the dataset. However, the authors acknowledge that deriving category
tags from initial CAMs is a noisy process and attempt to address this issue using a
confidence-thresholding system. It is this aspect that is unattractive to us: since con-
trastive learning relies on the imperfect category tags as labels, errors are compounded,
resulting in a non-stationary learning problem.

An additional competitive method, ToCo [Ru et al. 2023], enhances contrastive learn-
ing in Vision Transformers (ViTs) through two modules: Patch-Token Contrast (PTC)
and Class-Token Contrast (CTC). To estimate patch relations, a Class Activation Map
(CAM) is generated from an intermediate ViT layer using an auxiliary classification
head. A dual-threshold system identifies reliable foreground, background, and uncer-
tain regions. PTC, the primary contribution, maximises or minimises the absolute co-
sine similarity between positive and negative patch pairs, ensuring diversity by mitigat-
ing issues where negative similarities could misleadingly indicate strong correlations.
CTC addresses uncertainty in CAMs by aligning global class tokens (representing the
entire image) with local class tokens derived from randomly cropped uncertain regions.
To counter potential errors from missing foreground objects in crops, additional back-
ground regions are sampled, and their tokens are contrasted against the global token.
This approach ensures robust contrastive learning by clearly distinguishing positive and
negative pairs through careful token comparison.

MCTFormer+ [Xu et al. 2024] is quite competitive with SeCo. They introduce a con-
trastive learning module, called Contrastive Class Tokens (CCT), which they use to help
disentangle their multiple class tokens, where each class token corresponds to a class in
the dataset, with reasonable success. Seeing as MCTFormer+ is our base model, CCT
is discussed in-depth in Section 6.3.1.

6.3 Contrastive Learning in our Dual-Branch Framework

This work is primarily built on MCTFormer+ [Xu et al. 2024], which is one of the state-
of-the-art works in the area of weakly supervised semantic segmentation. Section 4.3
discussed the base models in-depth and presented their core mathematical concepts.
Section 4.3.2 further discussed the two major improvements MCTFormer+ made over
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its predecessor, MCTFormer [Xu et al. 2022], namely Global Weighted Ranking Pooling
(GWRP) and Contrastive Class Tokens (CCT). The latter is the contrastive learning
addition they made, but Section 4.3.2 only introduced the concept.

Consequently, Section 6.3.1 reiterates the conceptual foundation for MCTFormer+’s
contrastive learning and additionally presents its mathematics. Section 6.3.2 then
investigates the actual behavioural impact CCT has on the class tokens, before Sec-
tion 6.3.3 presents effect CCT has on the performance of both the baseline model and
initial dual-branch models. Finally, Section 6.3.4 develops a principled addition to CCT,
called CCT Prime, to account for the cross image context present in the dual-branch
framework, and Section 6.3.5 ultimately fine-tunes CCT and CCT Prime to the final
version of the cross image attention, CIA-AP.

6.3.1 Contrastive Class Tokens (CCT)

MCTFormer+ was initially presented in Section 4.3.2, where GRWP, the first of its two
improvements over its predecessor, was presented in-depth. Contrastive Class Tokens
(CCT) was the second major contribution, which this section presents in-depth, before
Section 6.3.2 determines its behavioural impact.

CCT is a contrastive learning module that operates on the class tokens in each of the
transformer’s layers. The underlying premise of CCT is that the dataset’s classes are
distinct and have no hierarchical structure, therefore the class tokens should be com-
pletely disentangled, since these tokens encode each classes’ characteristics. Xu et al.
[2024] had initially noticed that different class-specific localisation maps had consid-
erable overlap and attributed this to two factors: the classification loss only has a sub-
stantial effect for the final layers of the transformer, on which the classification module
is most dependent; and the nature of the classification loss, being a multi-label one-
versus-all loss, does not enforce distance between the class tokens.

Consequently, contrastive learning is used to encourage the class tokens to be “distant”
from each other. This takes the form of computing the pairwise similarity between class
tokens by multiplying the class tokens at a particular layer with themselves:

S, =T, T}, (6.3)

where S; € R¢*¢ is the pairwise similarity matrix, T; € R“*¢ is the class token matrix,
and [ is the specific layer in the transformer from which the tokens are extracted. C'
is the number of classes and d is the dimensions of the class tokens. - denotes matrix
multiplication.

Each element in the similarity matrix, S;, represents the degree of alignment between
the two input class tokens. The main diagonal models the similarity of a class token to
itself and, therefore, should be perfectly aligned. All the other matrix elements model
the similarity between different class tokens, and, therefore, should be orthogonally
aligned. Hence, contrastive learning is used to encourage this matrix to be similar to an
identity matrix, by means of a Cross Entropy Loss (introduced in Section 6.1.1), where
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Figure 6.1: Contrastive Class Token (CCT) Module (from Xu et al. [2024]). For a given
transformer layer, 7 in this case, the C' class tokens of dimension D from this layer,
represented by T¢ , .. € RO? are multiplied by themselves to compute the pairwise
similarity between them, collectively represented by S € R“*“. The main diagonal is
the correlation of a class token to itself and so should be perfect. All other elements
measure the correlation between different class tokens (determined by the row and
column indices), and so should be completely different. Hence, S should ideally take

the form of an identity matrix, I, which is encouraged through a Cross Entropy Loss.

the contrastive loss is averaged over all the transformer layers:
=
Lcor = 17 ; CrossEntropyLoss(S;, I), (6.4)

where i is the index of the transformer layer and L is the number of transformer layers
in total. This CCT concept is depicted graphically in Figure 6.1.

6.3.2 CCT Behaviour

Xu et al. [2024] introduced CCT and showed its effectiveness at increasing the weakly
supervised segmentation performance. They performed several quantitative studies,
showing that applying it to all layers in the transformer is the most effective strategy
and, via an ablation study on VOC, showed that it was a leading contributor to their
increased performance.

Mathematically, Equation (6.3) takes the matrix product of the class tokens with its
transpose to get the similarity matrix, essentially taking the dot product between all
pairs of class tokens (including with themselves), where the individual matrix elements
correspond to the tokens represented by the row and column indices. By encouraging
this similarity matrix to be an identity matrix, CCT attempts to enforce the condition
of orthonormality on the class tokens — the main diagonal (product of a class token
with itself) is driven to be 1, and all other elements (products between different class
tokens) are driven to be 0. Xu et al. [2024] apply masking to CCT such that it only
operates on tokens for classes present in the image. Therefore, for a particular image,
only the present class tokens are encouraged to be orthonormal.
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However, the authors do not include an analysis of what CCT actually does to the class
tokens in practice. This is important for our work since we are sharing information
about class tokens between the two branches via a cross attention scheme — by un-
derstanding how CCT impacts the class token behaviour, we can decide if CCT is the
correct form of contrastive learning and, if not, how to adapt it to our case.

To this end, we extract the class tokens from each layer of a trained MCTFormer+
model when we perform inference on particular images. To compare the class tokens
and ascertain their similarity, we compute the Cosine Similarity between them:

l l

So(TL, T = ——— 2
7Tl TG

(6.5)

where S¢ € [—1, 1] is the cosine similarity between the i and j** class tokens in layer [,
and T! € R“*4 is the class token matrix for a particular layer. - denotes the dot product
between vectors.

The Cosine Similarity measures the correlation between the input vectors’ directions
and returns values in the range [—1, 1], where —1 means the vectors point in opposite
directions, 0 means they are orthogonal, and 1 means they point in the same direction.

Figure 6.2 depicts some example images and the cosine similarities between their class
tokens taken from the final transformer layer. The matrices in the final column show
the cosine similarity between different class tokens. Since the cosine similarity is sym-
metrical, the matrix is symmetrical, so we only include the lower triangular matrix. As
expected, the main diagonal is 1 since each class token points in the same direction as
itself.

An important detail to consider is that CCT applies masking to the class tokens involved
in contrastive learning, ensuring that only tokens corresponding to classes present in
the image are actively used. Consequently, CCT does not operate on the majority of
class tokens simply because their classes are absent, which means these class tokens
remain largely aligned by their initialisation (which is to the same class token). Each
class token is still operated on by the transformer’s attention and they evolve as they
pass through the transformer layers, thereby gaining slight variations from each other.
Therefore, the cosine similarity between pairs of class tokens for absent classes is close
to 1, but may not be exactly 1 due to this natural variation. Similarly, the class tokens
for class present in the image are also aligned in such a manner — close to 1, but not
exactly 1. However, the cosine similarity between a class token present in the image
and one not present in the image are nearly-oppositely — these values approach -1, but
are not exactly -1.

This pattern suggests a specific directional structure: each class token has its own
distinct direction, but tokens corresponding to present classes generally align in one
overall direction, while tokens corresponding to absent classes align in another, nearly
opposite direction. This phenomenon is illustrated in Figure 6.3. The directions that
are orthogonal to these two main directions tend to represent class tokens for which the
model is uncertain are present in the image. Interestingly, some class tokens that are
truly absent still point in the “present” direction (i.e. are aligned with other “present”
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Cosine Similarities

Figure 6.2: Figure showing the cosine similarity between class tokens from the final
layer of the transformer in MCTFormer+ for various images. Each row corresponds to
an image, with the first one taken from VOC and the last two taken from COCO. The
first column is the original image, the second is the ground truth pixel mask, and the
final column presents the lower triangular matrix of cosine similarity between the class
token represented by each row and column (the complete matrix is symmetrical). The
cosine similarity ranges from —1 (blue) to 1 (red).
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Figure 6.3: Figure representing the behavioural impact of CCT. Using Cosine Similarity
to determine the directional similarity between class tokens, each class token points in
a unique direction. Those that are present in the image generally point in the same
direction and those that are not also generally point in the same direction that is dif-
ferent to the “present” direction. Class tokens that the model is uncertain are present,
generally point in orthogonal directions to the “present” and “absent” directions.

class tokens), indicating instances where the model has misclassified those classes as
being present.

This contradicts the mathematical intention behind CCT, which was to enforce or-
thonormality over the class tokens present in an image. In practice, the “conic” di-
rectional structure in Figure 6.3 is encouraged by the classifier, which has a stronger
influence on the class token’s structure than CCT. Nevertheless, CCT still plays a role in
encouraging the class tokens to point in distinct directions (hence the values close to,
but not exactly equal to, 1 and -1). When the classifier is uncertain about the existence
of a class in the image, it has reduced influence over the class token structure and CCT
has a stronger influence. Hence, the intended effect of CCT is observed, with those
class tokens becoming orthogonal to the others.

6.3.3 CCT Initial Performance

Section 6.3.2 established the behavioural impact CCT has on the class tokens within
MCTFormer+ and found that it imposed directional structure on them. However, it is
unclear how this will impact class tokens from two different images, especially when
information is exchanged between them. Therefore, we need to establish how CCT
performs in the dual-branch models out-of-the-box.
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Consequently, we take several high-performing (but early-stage) models with Cross Im-
age Attention, and compare them when run without CCT. Specifically, we use models
trained with Single Layer Cross Image Attention during Section 5.2.3. These models’
performances are presented in Figure 6.4 and Figure 6.5 for VOC and COCO, respec-
tively, along with baseline comparisons with and without CCT.

Figure 6.4 shows a slight increase in the overall baseline performance when including
CCT for VOC, a result which corroborates Xu et al. [2024]. However, the degree of
improvement is less than reported (0.24% compared to the reported 2.9%). Simply
looking at the graph, it is unclear whether CCT helps or hinders the dual-branch models
on VOC, since the Intersection Layer 8 model has worse results with CCT, but the Union
Layer 11 model has better results when including CCT, for all classes of interest. The
numerical results for the VOC classes of interest are presented in Table A.5.

Figure 6.5a shows that excluding CCT outperforms its inclusion for MCTFormer+,
which is contrary to the finding about the effectiveness of CCT from Xu et al. [2024].
However, the reported results only consider VOC in their ablation study, not COCO,
so there is no way to establish whether or not their work on CCT extends to COCO.
We conjecture that the reason is the increased co-occurrence present in COCO inter-
fering with the “disentanglement” mechanism of CCT. An additional reason could be
related to the determination of the actual class token behaviour induced by CCT in
Section 6.3.2, which shows that class tokens do not necessarily adopt orthogonality,
but rather point in general, but still distinct, directions based on whether the class is
present or not. This could lead to agreement issues between our two branches, since
there is no enforcement that they have to agree on which direction is “present”.

Additionally, Figure 6.5b shows that for the majority of model configurations, exclud-
ing CCT leads to performance improvements, with the exception of Union Layer 7 and
Union Layer 11 for both the fork class and the overall, mloU performance. This sug-
gests the initial cross attention methods (the ones prior to CIA-AP, which is introduced
in Section 5.2.6) are not able to overcome the increased co-occurrence in COCO, some-
thing which is supported in Section 5.2.5, where we find these initial cross attention
methods to be inadequate. The numerical results for the COCO classes of interest are
presented in Table A.6.

6.3.4 CCT Prime

Section 6.3.3 shows that in its current form, CCT is inadequate to help disambiguate
co-occurring classes. Indeed, it seems to perform worse the higher the co-occurrence is
(hence its performance on COCO is so much worse than on VOC).

Examining the cosine similarities in the third row of Figure 6.6, which are taken from
MCTFormer+, it is evident that substantial misclassification occurs for co-occurring
classes. In the first example shown, only the Person and Baseball Bat classes are present,
and so we only expect those classes to point in the “present” direction. However, the
Sports Ball and Baseball Glove classes are also identified as being present in the image,
which is a clear mistake. There is a higher degree of dependence between these combi-
nations of classes — even though only the Baseball Bat and Baseball Glove classes are
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Figure 6.4: Graph comparing the performance of various models including and exclud-
ing CCT, for VOC. Included are baseline comparisons to MCTFormer+ — the blue line
includes CCT and the red line does not. Two high-performing Single Layer Explicit
Cross Image Attention models are included — the first uses the Intersection overlap
task and applies cross attention on Layer 8, and the second uses the Union overlap
task and applies cross attention on Layer 11. The dual-branch models are shaded: the
darker shade includes CCT and the lighter shade does not.
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(b) Early Dual-Branch Model Comparison

Figure 6.5: Graph comparing the performance of various models including and exclud-
ing CCT, for COCO. (a) shows the baseline comparison between MCTFormer+ — the
blue line includes CCT and the red line does not. (b) shows comparisons between three
high-performing Single Layer Explicit Cross Image Attention models — the first uses
the Intersection overlap task and applies cross attention on Layer 8, and the second
and third use the Union overlap task and apply cross attention on Layer 7 and 11, re-
spectively. The dual-branch models are shaded: the darker shade includes CCT and the
lighter shade does not. 123



identified as having extreme co-occurrence, there is still high co-occurrence between
the Baseball Bat and Sports Ball classes (16.43%), and there is one-way dependence
between all these classes and Person (i.e. there are a lot of images of a person without
one of these classes, but few images of one of these classes without a person). This in-
creased dependence between the classes is likely what causes the model to mistakenly
think they are present, and so it “finds” a region of the image which it allocates to these
absent classes.

Similarly, in the second example in Figure 6.6, only the Baseball Bat and Baseball Glove
are present, but the third row’s cosine similarities also identify the Person and Sports
Ball classes as being present, although with a far greater degree of uncertainty. There-
fore, we have a scenario where the existence of one class (e.g. Baseball bat) implies the
existence of a second class (e.g. Person), but not the other way round. This dependence
needs to be overcome.

CCT is intended to help distance the class tokens within an image and, in our dual-
branch framework, it will perform this task in both branches. However, there is no guar-
antee that the class tokens will align between the branches (i.e. the “present” direction
in the primary branch might be different from the “present” direction in the auxiliary
branch), hence the cross attention will struggle to effectively exchange information.
This is conceptually presented in Figure 6.7, where the tokens for the same, present
classes are aligned within each branch, but are not aligned between the branches. De-
spite this, the individual class tokens will still average to a positive value, meaning the
correct, positive classification will still be reached by the Classification Module for each
branch in our dual-branch framework. This potential alignment disagreement, com-
bined with the false activations in the third row of Figure 6.6, necessitate an additional
learning module to help align the distance metric between the branches and to help
disambiguate co-occurring classes.

To help develop intuition for this additional module, which we call CCT Prime, let
¢;, for ¢ € {b,p} (Baseball Bat and Person, respectively) and i € {p,a} (Primary and
Auxiliary, respectively), be a class token for class ¢ taken from branch i. Also let b,
and p, be present for the primary image, and only b, be present for the auxiliary image.
Then CCT encourages the following alignment between the class tokens for the primary
image:

by by = 1 (6.6)
Pp - Pp = 1 (67)
b, - p, =0, (6.8)

and for the auxiliary image (remember that absent classes have their tokens masked
out of CCT, since they cannot be meaningfully operated on):

ba ’ ba =1 (69)
Pa-Pa (masked) (6.10)
bo - pa  (masked). (6.11D)

124



Figure 6.6: Figure showing the cosine similarity between class tokens from the final
layer of the transformer for various images. Each column corresponds to an image from
COCO. The first row is the original image, the second is the ground truth pixel mask,
and the final two rows present the lower triangular matrix of cosine similarity between
the class token represented by each row and column (the complete matrix is symmet-
rical). Specifically, the third row presents the cosine similarities for MCTFormer+ and
the last row presents them for the dual-branch model trained with no cross image at-
tention, only CCT and CCT Prime. The first two plots in the final row are the cosine
similarities between the class tokens for each image separately, and the final plot
is the cosine similarities between each image’s class tokens (columns are the first
image’s class tokens and rows are the second image’s). The cosine similarity ranges
from —1 (blue) to 1 (red).
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Figure 6.7: Comparison between potential class token directions being aligned differ-
ently between the primary and auxiliary branches. Three arbitrary classes are shown.
Each class token still averages to a positive score, which is directly used in the Classifi-
cation Module of our dual-branch framework, allowing the correct classification to be
reached. The grid lines are only included to reference the change in direction between
the two branches.

CCT does not align the class tokens between the primary and auxiliary branches. Hence,
we need a module to perform:

PpPa= —1 (6.12)
Pp-ba=0 (6.13)
by - p, (masked) (6.14)
by - b, =1, (6.15)

where the semantics mimic CCT:

1. Equation (6.12) equals —1 because p, and p, point in different directions (only p,
is present),

2. Equation (6.13) equals 0 because p, and b, are both present classes, but are dif-
ferent classes,

3. Equation (6.14) is masked because p, is not present and the dot product does not
involve the same class and therefore there is no useful information to be gleaned,
and

4. Equation (6.15) equals 1 because b, and b, are both present.

This can be encoded in matrix form:

Pp-—Pa Pp-ba) _ (1 0
Gre ) =), 610
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where the “cancellation” indicates the masking. Note that in order for the matrix to
equal the identity matrix, any absent class tokens (i.e. p,) have to be negated (instead
of negating the corresponding element in the identity matrix).

(Z;’) (—pa ba) = @ (D (6.17)

where the masking is applied after the vectors’ outer product is taken.

This becomes:

This reduced example with only two classes generalises to all classes as:
f(cl-c,) =1, (6.18)

where Cy,,; € RE*? is the class token matrix for the primary and auxiliary branches,
respectively, - denotes matrix multiplication, and function f applies the negation to
absent class tokens and masks the dot product between two class tokens, one from
each branch, where one of them is absent and the second is not the token for the same
class as the first. There are C class tokens, each of dimension d.

Equation (6.18) describes the mathematics for the additional learning module, CCT
Prime. Its loss is similar to that of CCT’s in Equation (6.4):

L-1

1
LcCTPrime = 17 Z CrossEntropyLoss( f (Cg . Ca) ), (6.19)
=0

where the symbols have the same meaning as in the CCT cross entropy loss function in
Equation (6.4).

6.3.4.1 Initial Experimental Results

In order to establish the effectiveness of CCT Prime, we train two dual-branch models
without cross attention, where both have CCT Prime enabled, but only one has CCT
enabled. Training these models without cross attention is reducing each branch to
MCTFormer+, since no direct communication between them occurs (communication is
implicit by way of CCT Prime).

The results are presented in Table 6.1 for classes of interest. Comparing MCTFormer+
without CCT (2nd row) to the dual-branch model with CCT Prime (last row) (the only
difference is essentially turning on CCT Prime), performance drops substantially for
all classes, suggesting CCT Prime is hurting performance. However, it is designed to
work in tandem with CCT. When comparing the two dual-branch models (i.e. the only
difference is that CCT is turned on for one of them), some classes improve performance
(Baseball Bat, Fork, and mlIoU), but the others don’t. When comparing MCTFormer+
with CCT (1st row) to the dual-branch model with both CCT and CCT Prime (3rd row)
(the only difference is essentially turning on CCT Prime), performance decreases for all
except the knife and fork classes. Overall, this would suggest that CCT Prime is either
not performing as intended, or that there is some fundamental flaw in its design.

To help decide which of these causes is more accurate, we examine the cosine similari-
ties between class tokens and how they change with the addition of CCT Prime. These
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Classes (IoU)

Model CCT  CCT Prime baseball bat baseball glove fork knife mouse keyboard mloU
MCTFormer+ v X 5.08 6.53 12.44 15.70 14.62 49.31 43.14
MCTFormer+ X X 4.56 8.78 14.80 19.75 19.36 49.47 44.69

Dual-Branch (No Cross Attention) v v 4.23 5.65 16.47 15.72 | 14.00 47.75 42.62
Dual-Branch (No Cross Attention) X v 2.96 5.84 13.16 15.71 15.03 48.15 41.71

Table 6.1: The experimental data for models trained with CCT Prime and no Cross Im-
age Attention, on COCO. The dual-branch model does not have cross attention applied
— it is essentially parallel MCTFormer+ models, with no communication happening be-
tween them, in an attempt to isolate the effect of CCT Prime. There is also a dual-branch
model version with CCT for comparison. A baseline comparison to MCTFormer+ with
and without CCT is also included. The IoU values are shaded for ease of interpretation:
from red for the smallest value in the column to green for the largest.

comparison plots are included in the last row of Figure 6.6: the first two are the cosine
similarities between the class tokens within each of the first and second images, respec-
tively, and the last plot is the cosine similarities between the class tokens from each
image. The first image’s cosine similarities are largely the same as before we applied
CCT Prime, except that the absent class tokens point in a larger array of directions (that
are still opposite to the “present” direction). The second image’s cosine similarities fol-
low the same trend, except that the person class is no longer erroneously activated.
The final plot highlights that the class tokens between the images are aligned such that
each branch is agreed on the “present” and “absent” directions. Therefore, CCT Prime is
performing as intended, and addresses some of the misclassification issues. The cause
of it degrading performance must be more intricate and requires further investigation
in Section 6.3.5.

Consequently, CCT Prime addresses the one-way dependence issues, but not the co-
occurrence issues, which we address with the final Cross Image Attention (CIA-AP) in
Section 4.5.1.

6.3.5 Contrastive Learning with CIA-AP

Since in the introduction of CCT Prime in Section 6.3.4, substantial parallel develop-
ment occurred for Cross Image Attention. The initial CCT performance (Section 6.3.3)
was established using Single Layer Explicit Cross Attention (Section 5.2.3), which has
since been improved upon, with the vast majority of that iterative development occur-
ring with CCT disabled (since the baseline MCTFormer+ performed better without it).
Consequently, CIA-AP (Section 5.2.6) using the mean to augment the primary and aux-
iliary query matrices (Section 5.2.7) has been found to be the best cross image attention
scheme.

To re-establish the impact of CCT and CCT Prime, we simply re-enable them for some of
the best-performing models so far. That is, we use the following configurations (where
each setting was explained in depth in Section 5.2.6 when CIA-AP was formulated):
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1. Co-occurrence thresholds of 0.46 (top 2 co-occurring pairs of classes) and 0.2491
(top 10) — this determines which classes are used for cross attention (and, by
extension, when special mining is used to choose the auxiliary image).

2. “Turnoff” mode optionally enabled — if no co-occurring class pair exists in the
primary image, then no cross attention will be performed between the class to-
kens, and this setting allows the patch token cross attention to be disabled as
well.

3. The layer groups (6, 7, 8) and (7, 8, 9) on which we apply cross attention.

Figure 6.8 presents the results from these runs, and includes comparisons to MCT-
Former+ (with and without CCT) and prior high-performing CIA-AP models trained
with mean augmentation and no CCT. In these runs where we re-enable CCT and CCT
Prime, both are given a weighting of 1 when contributing to the loss function (which
is described in overall loss function in Equation (4.17)). Since there are many models,
only the aggregate performance is shown (by taking the maximum and average per
class over the models) — the complete set of results for the classes of interest is pro-
vided in Table A.7. Evidently, the results become notably worse when we enable CCT
and CCT Prime compared to when both were disabled. The only exception is that the
peak performance for the Fork class outperformed all the baselines, but the average on
this class did not, suggesting this was an inconsistent result.

This can be explained by looking at the curves for components of the loss function
in Figure 6.9, where each component is equally weighted. The loss components are
the classification and CCT losses for each branch, and CCT Prime, which only has a
single instance, since it applies to both branches simultaneously. The models’ train-
ing curves are averaged together over each loss component (and branch). When the
components start plateauing at Epoch 10, the classification loss is 0.09 for each branch,
the CCT losses are 3.36 and 3.37 for each branch respectively, and the CCT Prime loss
is 3.72. This means classification contributes -5 = 1.69% to the total loss and con-
trastive learning contributes 1552 = 98.31% — this is a massive difference in magnitude
that most likely induces the model to focus more on solving the contrastive learning

objective as opposed to simply using it as an aid.

Therefore, we perform a hyperparameter sweep over the weight with which CCT and
CCT Prime should contribute to the loss function, which is presented in Table 6.2. We
use the best performing model (CIA-AP with mean augmentation and “turnoff” mode
enabled, co-occurrence threshold of 0.2491, and cross attention applied to layers 6, 7,
and 8) and vary the coefficients of CCT and CCT Prime over all combinations of the
values (0,0.01,0.1,0.5).

As a general trend, weightings of 0.5 for CCT and CCT Prime perform the worst (paired
with any other weight), and do so by a considerable amount. The other combinations
of weightings have merit based on the particular combination. CCT weighted at 0.1
seems to perform well for mloU overall, but is outperformed for the classes of interest
by other weight combinations — this means that “other” non-co-occurring classes per-
form better for these models. For CCT and CCT Prime weighted at combinations of 0
and 0.01, the best performance is achieved for the Baseball Bat, Baseball Glove, Knife,
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Figure 6.8: Comparison plot showing the performance of high performing CIA-AP mod-
els with CCT and CCT Prime re-enabled, and each with a weight of 1 (i.e. contribution
to the loss function), on COCO. Included are baseline comparison to MCTFormer+
with and without CCT, in dark and light blue, respectively. The two green models
are included for comparison, and are two of the highest performing models trained
with CIA-AP with mean augmentations and without CCT — both use a co-occurrence
threshold of 0.2491, but the darker one uses layers 6, 7, and 8, and the lighter one uses
layers 7, 8, and 9. In total, 8 experiments were conducted with CCT and CCT Prime
re-enabled, but only the maximum (red) and average (yellow) per class (of interest)
over these runs is presented.
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Relative Weighting Classes (IoU)
CCT CCT Prime baseball bat baseball glove fork knife mouse keyboard mlIoU

MCTFormer+ 5.08 6.53 12.44 15.70 14.62 49.31 43.14
MCTFormer+ (no CCT) 4.56 8.78 14.80 19.75 19.36 49 .47 44.69
0 0 7.80 13.79 12.34 18.02 | 26.95 50.63 44.01
0 0.01 7.41 14.38 12.45 18.47 26.32 50.43 44.26
0 0.1 6.53 10.23 15.79 17.29 22.53 50.39 43.91
0 0.5 5.02 9.76 13.58 16.72 21.53 49.34 42.70
0.01 0 7.68 14.31 13.94 19.10 27.36 51.06 44.26
0.01 0.01 7.13 12.85 14.61 19.82 27.28 51.11 44.49
0.01 0.1 4.85 9.11 16.16 18.09 23.02 51.61 44,22
0.01 0.5 5.23 10.28 12.66 16.79 21.24 47.92 43.04
0.1 0 5.80 10.28 13.63 18.36 23.53 53.37 44.44
0.1 0.01 6.80 9.19 13.82 17.67 24.35 52.88 44.41
0.1 0.1 4.30 12.95 13.80 1 19.80 23.94 50.84 44.34
0.1 0.5 4.80 6.82 11.10 15.94 19.89 49.09 43.08
0.5 0 3.88 7.48 13.22 17.39 21.30 51.71 43.84
0.5 0.01 3.72 7.94 14.30 16.90 23.93 50.53 43.64
0.5 0.1 3.11 9.00 13.10 18.63 22.47 51.92 43.85
0.5 0.5 4.04 4.86 6.96 14.98 20.26 50.54 42.33

Table 6.2: A table showing the sweep over CCT and CCT Prime weightings for their
contribution to the overall loss function (Equation (4.17)). A single already-high-
performing model configuration was used, with only the CCT and CCT Prime coeffi-
cients changing: apply CIA-AP using mean augmentation to layers 6, 7, and 8, using
“turnoff” mode, and a co-occurrence threshold of 0.2491. The first two rows are base-
line comparisons to MCTFormer+ (with and without CCT). The first two columns are
the coefficient values, which are colour-coded for each of comparison and reference.
The other columns present the IoU scores for co-occurring class pairs of interest and
the overall mIoU score for COCO: the values are shaded from the smallest value in each
column (red) to the largest value (green).

and Mouse classes, which is the majority of the classes of interest, with the remaining
classes still performing competitively to the configurations with their best scores. Con-
sequently, we opt to use 0.01 as the weight for both CCT and CCT Prime, since this
model obtains amongst the highest scores for classes of interest, and also maintains
the highest overall mIoU score (and is within 0.2% of the best performing baseline —
MCTFormer+ without CCT). This implies that we obtain substantial improvement in
our target area — the co-occurring class pairs — and also maintain reasonable perfor-
mance in all the other classes in the dataset (since the co-occurring classes increase
notably, there is a slight decrease in the performance of the other classes, such that the
mloU is approximately maintained — this is discussed further in Section 4.5 when the
final model’s results are presented).
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Figure 6.9: Training curves for components of the Loss Function over the course of 45
epochs, aggregated over multiple training runs. The classification and CCT losses per
branch are displayed (“T1” for the first branch and “T2” for the second branch), as well
as the CCT Prime loss between the branches. Each component is equally weighted in
the final loss function. The models used are the ones trained using CIA-AP (with mean
augmentation), various co-occurrence thresholds, and CCT and CCT Prime enabled and
equally weighted to the other loss components (i.e. a weighting of 1) — their average
per component is displayed, along with the variance (which is small). The top curve
is for CCT Prime, the middle one is for CCT, and the bottom one is for Classification.
The Classification Loss and CCT Loss curves actually contain both the first and second
branches’ losses superimposed on each other since they are so similar in value. When
the components start plateauing at Epoch 10, the classification loss is 0.09 for each
branch, the CCT losses are 3.36 and 3.37 for each branch respectively, and the CCT
Prime loss is 3.72.
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6.4 Summary

This chapter presented a thorough investigation into the application of contrastive
learning within our framework for weakly supervised semantic segmentation. We be-
gan by introducing the foundational CCT method from MCTFormer+ in Section 6.3.1,
which aimed to enforce orthogonality among class token embeddings using Cross En-
tropy Loss. However, our investigation into the practical behaviour of these class to-
kens in Section 6.3.2 revealed that instead of forming an orthogonal basis, the tokens
pointed in general directions, but still distinct directions, based on whether the corre-
sponding class was present in the image, thereby forming a conic structure, as depicted
in Figure 6.3. This phenomenon occurs because the classifier primarily drives the tokens
toward these directions, except when the classifier is uncertain, allowing CCT to influ-
ence the embeddings to a more orthogonal setting. This insight helped explain why
CCT degraded performance using initial cross attention schemes in our dual-branch
framework, and on COCO (Section 6.3.3), despite showing promising results for the
single-branch MCTFormer+ on VOC.

Our subsequent efforts focused on addressing this issue through the development of an
additional contrastive learning module, CCT Prime, introduced in Section 6.3.4. CCT
Prime aimed to align the representations between branches, acknowledging that while
CCT promotes alignment within each branch in our dual-branch framework, it does not
necessarily ensure alignment across branches. Misalignment between the primary and
auxiliary branches could undermine the cross attention mechanism, particularly when
the class token directions differ substantially.

Finally, Section 6.3.5 integrated both CCT and CCT Prime with the CIA-AP cross at-
tention mechanism from Section 5.2.6. We found that reducing the weighted contri-
bution of CCT and CCT Prime was essential to avoid overpowering the classification
loss, which previously led to degraded performance. This integration achieved a better
balance between the various learning objectives, resulting in improved performance for
the co-occurring classes of interest while maintaining competitive overall results.
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Chapter 7

Conclusion and Future Work

In this chapter, we first outline potential directions for future research in Section 7.1,
emphasising areas where our work encountered specific challenges or raised concerns
that merit further investigation. These avenues include enhancing our cross attention
and contrastive learning mechanisms, improving segmentation model performance,
and expanding our framework to new domains. Following this, we consolidate our
findings and their implications in Section 7.2, providing a cohesive summary of our
contributions and their significance.

7.1 Future Work

While our proposed framework achieves substantial improvements for co-occurring
classes in Weakly Supervised Semantic Segmentation, several areas warrant further
investigation to improve performance and broaden the applicability of our approach.

7.1.1 Investigating Trade-Off for Co-Occurring Class Performance
Increase

An important avenue for future work is investigating the underlying cause of the ob-
served trade-off between improvements for co-occurring classes and slight degrada-
tions for non-co-occurring classes, which is evident in the final results presented in
Section 4.5. While our approach effectively boosts performance for co-occurring class
pairs, we occasionally see a minor decline in accuracy for other classes that do not ex-
perience strong co-occurrence effects. One potential explanation is that the enhanced
cross attention mechanism and contrastive learning strategies may shift the model’s
focus toward resolving co-occurrence ambiguities, inadvertently reducing emphasis on
other object categories. Another possibility is that the auxiliary image selection pro-
cess introduces subtle biases that affect the feature representations of non-co-occurring
classes. Future research could explore strategies to mitigate this trade-off, such as re-
fining the auxiliary image mining process, introducing adaptive weighting mechanisms
in the cross attention module, or adjusting the balance between contrastive learning
objectives and standard classification constraints. Understanding and addressing this
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issue will be critical for ensuring broad performance gains, especially for co-occurring
classes, without unintended side effects.

7.1.2 Improving Cross-Attention Mechanisms

Our CIA-AP mechanism (Section 5.2.6) provides a principled method for enhancing at-
tention to co-occurring classes. However, its application from the beginning of training
may not be optimal. Currently, CIA-AP is applied to any auxiliary image satisfying the
condition of containing exactly one overlapping class with the primary image, as de-
termined by image-level labels. This condition does not account for model confidence
regarding the presence of the co-occurring class, which could result in a low-confidence
image being sampled, which does not aid in improving the attention for co-occurring
classes.

Future work should consider improving the selection of auxiliary images by incorpo-
rating model confidence. One potential approach involves using an epsilon-greedy
mechanism inspired by reinforcement learning, where high-confidence images are pre-
dominantly selected, but low-confidence samples are occasionally included to encour-
age exploration. Additionally, since the model requires time to learn object recognition,
implementing a training warmup phase where only the primary branch is used could
be beneficial before incorporating the auxiliary branch via CIA-AP.

Additionally, our ablation studies in Section 5.2.6 and Section 5.2.7 only really consid-
ered three methods of augmenting the primary and auxiliary sets of query vectors: tak-
ing the mean (which we finally use), the sum, and swapping the sets of vectors. Other
augmentation methods exist to combine the query vectors that might show promise in
their own right, such as projecting one query vector onto another (which we discarded,
but did not actually investigate), taking the cosine similarity between them, or even
taking the dot product between them.

Furthermore, although our initial experiments with a third branch did not yield im-
provements over the dual-branch case (Section 5.2.9), this limitation may have been
due to the particular cross-attention or contrastive learning schemes we employed. Re-
visiting this idea with improved techniques could potentially enhance performance. An-
other area worth investigating is incorporating more images for the learning of global
class tokens. For example, a memory-based mechanism, similar to RCA [Zhou et al.
2022], could be employed to refine global representations that persist across different
images.

7.1.3 Enhancing Contrastive Learning

Our introduction of CCT Prime in Section 6.3.4 improved performance by promoting
alignment between the primary and auxiliary branches. However, reducing the weight
of CCT and CCT Prime was necessary to avoid overpowering the classification loss
(Section 6.3.5). While our modifications have proven effective, further refinement of
these contrastive learning modules could yield additional improvements. Balancing
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their contributions with the classification loss remains a challenge, but enhanced design
or training protocols could address this issue.

Moreover, incorporating memory mechanisms as mentioned previously for CIA-AP may
also benefit contrastive learning. Promoting better alignment through representations
that persist across images could further enhance segmentation performance for co-
occurring classes.

7.1.4 Improving Segmentation Model Performance

One of the most critical areas for future work is enhancing the performance of the
segmentation model itself. As evidenced by our results in Table 4.4, certain classes
like “toaster” and “hair drier” experienced substantial degradation from the pseudo
label quality to the segmentation mask quality. This collapse in performance persists
even when the segmentation model is trained using ground-truth masks (discussed in
Section 4.5, with data presented in Table A.2), suggesting that the issue is inherent to
the segmentation model rather than our pseudo label generation process.

A key aspect of this investigation should focus on exploring more advanced segmenta-
tion architectures, such as DeepLab-V3 [Chen et al. 2017a] and DeepLab-V3+ [Chen
et al. 2018]. While we employed DeepLab-V1 primarily to maintain consistency with
prior work [Ahn and Kwak 2018; Zhang et al. 2020 2021; Xu et al. 2021 2024], these
more modern architectures are known for their strong performance in supervised seg-
mentation tasks, and their integration could enhance weakly supervised learning when
paired with high-quality pseudo labels. Understanding why the segmentation model
underperforms for certain classes, even when provided with ground-truth masks, will
be crucial for identifying architectural or training-related factors contributing to this
collapse.

Additionally, improving the segmentation model itself remains essential for future work.
As our pseudo labels continue to approach the quality of ground-truth masks, diminish-
ing returns from segmentation model training may arise. There is a risk of reaching a
point where the pseudo labels surpass the quality of the predicted segmentation masks,
potentially resulting in regression if the segmentation model is used. Parallel develop-
ment focusing on both improving the segmentation model and refining pseudo label
generation will be necessary to avoid this outcome.

7.1.5 Evaluation with COCO Masks

In Section 3.2.2.1, we developed our own versions of the COCO segmentation masks
since a standardised version was not available. It is essential to investigate whether
these custom masks alter the relative performance of prior methods. Re-evaluating
previous models using our segmentation masks will help determine if their reported
performances were influenced by differing mask generation techniques. Such an inves-
tigation would provide a fairer comparison across methods and help establish a more
robust evaluation benchmark.
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7.1.6 Broader Applications and Domain Adaptation

The class co-occurrence problem is not unique to natural image datasets like PASCAL
VOC 2012 and MS COCO 2014. Our framework could be particularly valuable for
weakly supervised segmentation in medical imaging, where certain structures, such as
organs, consistently co-occur within the same scans. Extending our work to this domain
would require developing appropriate datasets and adapting our framework to account
for the unique challenges posed by medical imagery. Additionally, further investigating
the generalisation of our framework to other domains where co-occurrence is prevalent
could significantly broaden its applicability.

7.2 Conclusion

This dissertation addresses the challenge of Weakly Supervised Semantic Segmentation
(WSSS) with a particular focus on the issue of class co-occurrence, a problem that has
been largely overlooked in previous research. Unlike co-occurrence between classes
and background features, our work investigates co-occurrence between classes within
the dataset itself, which introduces distinct and often more nuanced challenges that
warrant further attention.

In Chapter 3, we establish the existence of the class co-occurrence problem and provide
empirical evidence of its detrimental effects on segmentation performance, particularly
for the MS COCO 2014 dataset, where co-occurrence is far more prevalent compared
to PASCAL VOC 2012. We demonstrate that performance degradation is not evenly
distributed across co-occurring classes; one class often suffers more than the other.
This imbalance arises because the model tends to focus more on distinguishing the
classes rather than learning their fine-grained characteristics, such as precise object
boundaries, which are essential for accurate segmentation.

Building on this insight, Chapter 4 presents our final Cross Image Attention (CIA-AP)
method alongside the intuition behind CCT Prime. Our approach develops a dual-
branch transformer framework inspired by MCTFormer+, where cross attention is ap-
plied between two images, one primary and one auxiliary image, where the auxiliary
image is chosen to share exactly one co-occurring class with the primary image. By
augmenting the primary image’s Query matrix with that of the auxiliary image, CIA-
AP enhances attention to the co-occurring classes, leading to improved segmentation
performance, particularly on challenging co-occurring class pairs in MS COCO 2014.
Meanwhile, Chapter 5 provides an ablation study of various factors influencing cross at-
tention, systematically evaluating different design choices to refine our final approach.

Chapter 6 then delves into the use of contrastive learning, specifically the CCT module
of MCTFormer+, which aims to enforce orthogonality among class token embeddings.
However, our investigation reveals that instead of forming a strictly orthogonal basis,
class tokens align themselves according to broad directional clusters associated with
class presence. This behaviour, driven primarily by classification loss rather than or-
thogonality constraints, limits the effectiveness of CCT when applied to COCO, partic-
ularly under the cross attention framework.
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Additionally, we introduce CCT Prime, a contrastive learning module designed to ad-
dress potential alignment inconsistencies between the class tokens of the primary and
auxiliary branches. While CCT promotes separation of class tokens within a branch,
it does not inherently ensure that corresponding class tokens across branches remain
aligned. This misalignment can weaken the effectiveness of cross attention, as the aux-
iliary branch may not provide the intended complementary information. CCT Prime
mitigates this issue by explicitly encouraging alignment between class tokens across
branches, reinforcing the cross attention mechanism’s ability to refine feature repre-
sentations. The integration of CCT Prime with CIA-AP achieves a more balanced op-
timisation of learning objectives, leading to improved segmentation performance for
co-occurring classes while maintaining competitive overall accuracy.

Overall, our work demonstrates that addressing the class co-occurrence problem is es-
sential for improving WSSS performance. While our approach does not yet surpass the
state-of-the-art in terms of overall mloU, it achieves substantial performance gains for
the targeted co-occurring classes while maintaining competitive overall accuracy.

Specifically, on PASCAL VOC 2012, our final model achieves notable improvements for
co-occurring classes, such as chair, where the pseudo label quality improves by a factor
of 1.15x%, and dining table, which improves by 1.04x. Importantly, these improve-
ments come without a substantial drop in overall performance, as our model maintains
a competitive pseudo label performance of 66.29% mlIoU compared to 67.04% in MCT-
Former+.

On MS COCO 2014, where the class co-occurrence issue is more pronounced, our im-
provements for co-occurring classes are even more substantial. For baseball glove, our
pseudo labels improve by a factor of 2.0x, with further enhancements in the segmen-
tation masks, achieving a 3.3 x increase on both the training and validation sets. Sim-
ilarly, baseball bat sees a 1.4x improvement in pseudo labels, and a 2.4x and 2.8x
increase in the training and validation segmentation masks. Mouse follows the same
trend, with 1.9x better pseudo labels and a 2.4x and 2.5x improvement in training
and validation segmentation masks, respectively. While the overall mIoU for pseudo
labels sees only a modest increase of 1.03x, and increases of 1.07x and 1.05x for the
training and validation segmentation masks, these results highlight that our method
effectively recovers performance for co-occurring classes, which would otherwise be
severely degraded due to their frequent co-occurrence. The remaining co-occurring
classes generally mentioned through this work (keyboard, knife, and fork) all improve
over MCTFormer+, albeit by a small amount, for the pseudo labels, and the training
and validation segmentation masks, with the sole exception of the keyboard validation
segmentation masks, which decrease by a miniscule 0.7%.!

These findings confirm that our approach successfully mitigates the detrimental effects
of class co-occurrence in weakly supervised semantic segmentation, achieving substan-

!Note that the improvement factors mentioned are relative to MCTFormer+ using CCT, and the class
scores for our approach is the highest score from the two models we present during our final method.
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tial improvements for targeted classes while preserving competitive performance across
the dataset.
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Appendix A

Supporting Experimental Data

This appendix presents supporting experimental results for the investigations conducted
and discussed throughout the main body of this dissertation, particularly those related
to the Cross Image Attention and Contrastive Learning chapters — Chapter 5 and Chap-
ter 6, respectively. It comprises multiple tables and graphs, each accompanied by ex-
tensive captions clearly describing the data being presented and including references
to the relevant sections or figures they are intended to support.

These results are not meant to be read in isolation but are intended to complement the
concepts discussed earlier in the dissertation. Readers are encouraged to refer to these
tables and graphs while reviewing the corresponding discussions to better understand
and validate the findings of this work.
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Figure A.1: Graph showing the training (solid lines) and validation loss curves (dotted)
during training for the triple-branch version of our framework. The model configu-
ration varies over the layer groups for which cross attention is applied and the loss
weighting of CCT and CCT Prime — the legend is formatted as “split (layer group, (loss
weight))”. Whilst the training curves decrease over all the epochs, the validation curves
become flat between epochs 20 and 30, and increase thereafter. This data supports the
idea of overfitting and justifies the choice of using Epoch 25 as the “early checkpoint”
in Section 5.2.9.
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Classes Co-oI:cltglilence M Classes Co-oljclﬁt}ence M
train  val train  val
person 84.16 82.53 horse 90.40 82.49
chair v 43.44 33.80 mloU 80.28 74.17
boat 80.31 67.77 Dbus 88.46 88.90
diningtable v 76.69 61.86 train 86.41 80.92
car 84.50 82.74 cow 85.75 82.59
sheep 92.43 89.32 cat 93.46 90.00
motorbike 83.93 81.57 bottle 81.42 78.01
bicycle 51.28 37.35 dog 92.62 85.96
bird 87.26 88.60 pottedplant 70.82 52.28
aeroplane 88.92 86.37 sofa 59.59 48.07
background 94.31 93.24  tvmonitor 69.79 63.23

Table A.1: Segmentation scores for VOC when the segmentation model (DeepLab-V1) is
trained using the ground truth segmentation masks. Pairs of highly co-occurring classes
have been identified. This data is used to generate the comparison ratios in Table 4.3
in Section 4.5, and is presented with the classes in the same order.
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Classes Co-og:ltf;ence M Classes Co-ogzlf:;ence M
train  val train  val
baseball glove v 40.78 33.46 banana 68.76 65.86
mouse v 48.74 4190 Dbowl 37.40 30.22
tie 25.39 22.15 zebra 84.74 85.13
tennis racket 59.46 59.16 person 78.07 77.47
skis 7.57 8.33 airplane 73.95 73.05
baseball bat v 17.20 13.10 couch 47.70 44.21
toaster 5.54 599 cell phone 57.34 57.92
frisbee 59.07 54.09  broccoli 55.68 53.69
skateboard 40.81 31.71  background 88.66 87.88
knife v 16.07 13.42 hot dog 56.77 46.51
handbag 10.60 6.60 orange 66.94 64.01
spoon 0.74 0.45 book 33.55 28.56
kite 48.55 46.96 traffic light 50.63 50.71
chair 30.12 27.14 apple 51.52 52.43
surfboard 60.07 55.53  parking meter 73.06 65.36
cup 40.83 37.51 cake 54.31 49.55
fork v 10.88 11.69 dog 74.83 71.49
clock 61.60 56.29  bus 77.83 74.00
sink 42.15 39.18 teddy bear 68.05 65.92
toilet 68.91 67.93 cow 78.59 74.79
microwave 5492 46.54 tv 60.02 55.60
snowboard 41.44 36.11 donut 59.12 60.08
vase 58.31 49.77  bird 70.51 64.37
car 52.67 50.62  bicycle 51.92 50.10
truck 58.53 50.69 motorcycle 72.53 71.14
potted plant 23.63 18.66 umbrella 66.60 68.20
boat 52.27 47.51 elephant 84.82 83.94
train 74.41 71.35 suitcase 57.28 52.40
wine glass 42.44 44.50  giraffe 80.06 79.74
bed 59.70 55.41  bear 83.63 80.61
bottle 33.71 3292 fire hydrant 78.01 75.52
carrot 41.08 34.56  stop sign 79.88 80.11
remote 55.54 45.46  sheep 75.95 74.52
scissors 3493 35.09 refrigerator 61.11 57.89
toothbrush 23.33 11.73  pizza 71.53 70.15
sandwich 46.10 39.30 cat 76.52 74.86
bench 45.13 42.24  sports ball 34.39 28.63
keyboard v 63.61 58.48 oven 48.20 43.07
mloU 52.36 49.13 laptop 63.10 59.92
backpack 14.34 13.70  dining table 41.41 38.92
horse 75.23 73.90  hair drier 0.00 0.00

Table A.2: Segmentation scores for COCO when the segmentation model (DeepLab-
V1) is trained using the ground truth segmentation masks. Pairs of highly co-occurring
classes have been identified. This data is used to generate the comparison ratios in
Table 4.4 in Section 4.5, and is presented with the classes in the same order.
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Number of Including/Excluding

Specific Layers

IoU

Layers Patch Token CA baseball bat baseball glove fork knife mouse keyboard mloU
MCTFormer+ (with CCT) 5.08 6.53 12.44 15.70 14.62 49.31 43.14
MCTFormer+ (without CCT) 4.56 8.78 14.80 19.75 19.36 49.47 44.69
Previous 3-layer model (layers 6, 7, 8) 7.13 12.85 14.61 19.82 27.28 51.11 44.49

2 X batch 3.84 10.34 13.70 17.89 23.54 49.83 44.22
2 X 2,7 5.34 11.06 13.36 18.14 26.60 49.55 44.32
2 X 7, 10 5.35 10.96 13.11 17.41 25.12 49.67 44.30
2 X 2,4 4.74 10.96 13.33 17.83 24.64 50.00 44.39
2 v batch 4.41 9.49 14.05 17.63 23.51 48.80 44.26
2 v 3,4 5.20 8.69 14.50 18.79 25.49 48.97 44.25
2 v 7,9 6.38 10.48 13.53 17.71 25.63 48.71 44.12
2 v 3,9 5.02 8.75 13.75 18.27 24.63 49.36 44.27
3 X batch 5.58 12.06 14.31 18.42 24.27 51.06 44.27
3 X 3,5,6 6.11 13.24 1496 18.71 27.05 50.78 44.46
3 X 3,7,9 6.38 12.07 14.03 18.56 25.77 50.38 44.32
3 X 4,5,7 5.68 13.00 14.72 18.63 26.75 51.05 44.41
3 v batch 5.58 10.55 14.35 1898 24.16 50.58 44.28
3 v 3,9,10 7.52 12.86 14.59 18.81 25.55 50.18 44.25
3 v 4,6,7 6.40 13.36 1495 19.43 25.71 51.13 44.24
3 v 2,3,8 7.62 12.89 13.73 19.28 27.82 49.51 44.17
5 X batch 4.81 10.24 12.81 17.43 25.51 50.05 44.32
5 X 1,6,7,8,10 5.01 10.81 13.21 17.82 26.47 50.60 44.35
5 X 3,4,6,8,10 5.07 11.44 13.30 17.74 26.65 49.95 44.39
5 X 1,3,4,9,10 4.64 9.42 13.52 17.98 23.16 50.99 44.27
5 v batch 5.02 8.75 15.13 18.78 24.61 49.07 44.17
5 v 1,4,6,7,9 5.96 9.55 15.36 19.37 25.99 50.36 44.14
5 v 3,4,5,9,10 5.24 9.31 14.42 18.64 24.45 49.16 44.30
5 v 1,2,3,5,7 6.04 10.65 15.49 1890 25.63 49.22 44.01
10 X 1,2,---,10 4.64 15.15 14.67 18.92 25.36 47.02 44.20
10 v 1,2,---,10 6.47 12.84 15.09 19.59 26.68 47.21 44.10
11 X 0,1,---,10 4.68 14.74 14.49 19.02 24.63 46.44 44.07
11 v 0,1,---,10 5.85 11.97 15.49 20.16 26.60 46.09 44.08

Table A.3: The experimental data for cross attention applied to various numbers of
layers, where the specific layers are randomly chosen at the beginning of training (the
“batch” value in Specific Layers indicates a new set of random layers was chosen for
each batch). The runs also vary by their inclusion or exclusion of the query vectors
corresponding to patch tokens during cross attention (CA). The first 3 rows are base-
line comparisons. The IoU values are shaded for ease of interpretation: from red for
the smallest value in the column to green for the largest. This COCO data supports
Figure 5.22 in Section 5.2.8.
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Including/Excluding Contrastive  Early ToU

Specific Layers Patch Token CA Learning Stopping baseball bat baseball glove fork knife mouse keyboard mloU
MCTFormer+ 4 X 5.08 6.53 12.44 15.70 14.62 49.31 43.14
MCTFormer+ X X 4.56 8.78 14.80 19.75 19.36 49.47 | 44.69

Previous 3-layer model (6, 7, 8) v X 7.13 12.85 14.61 19.82 27.28 51.11 44.49
Previous 3-layer model (3, 5, 6) v X 6.11 13.24 1496 18.71 @ 27.05 50.78 44.46
7,8,9 X X X 5.93 11.05 12.31 15.44 25.58 45.88 4291
7,8,9 X v X 5.37 11.98 13.92 16.95 25.10 47.12 43.43
7,8,9 v X X 6.27 11.53 12.78 15.26 26.09 47.21 42.83
7,8,9 v v X 5.43 10.85 14.07 16.48 25.33 48.48  43.20
8,9,10 X X X 5.65 11.81 12.14 15.77 26.27 45.55 43.08
8,9,10 X v X 4.83 10.78 13.32 17.14 25.31 46.73 43.48
8,9,10 4 X X 6.11 11.35 11.76 15.08 25.29 46.75 43.01
8,9,10 v v X 5.12 10.32 13.53 17.08 24.15 48.12 43.42
7,8,9 X X v 6.17 15.31 13.96 19.73 2431 4791 44.16
7,8,9 X v v 6.40 14.15 14.22 19.75 22.66 49.38 44.17
7,8,9 v X v 6.46 14.87 14.36 19.51 24.18 49.18 43.95
7,8,9 v v v 5.87 13.17 13.55 19.77 21.85 49.50 43.90
8,9,10 X X v 5.78 14.91 13.18 19.97 2391 47.24 44.07
8,9,10 X 4 v 5.26 12.36 13.86 1 20.43 22.55 49.37 44.21
8,9,10 v X v 5.90 14.20 13.25 19.64 24.28 47.79 43.96
8,9,10 v v v 5.13 11.46 13.76 20.02 21.83 48.99 44.00

Table A.4: The experimental data for cross attention applied to the triple-branch version
of our framework. It is applied to two main layer groupings (6, 7, 8, and 7, 8, 9),
which is consistent with Section 5.2.6 (and its following sections), a decision which
is inherited as the best performers from Section 5.2.4. The runs also vary by their
inclusion or exclusion of the query vectors corresponding to patch tokens during cross
attention (CA), and their inclusion or exclusion of contrastive learning. The models
all use “turnoff” mode for cross attention — in the case where there is no co-occurring
class pair in the primary image, no cross attention at all will take place. The first 4 rows
are baseline comparisons. The final 8 rows (where “early stopping” is performed) are
the results from taking the checkpoint after Epoch 25, instead of the one after Epoch
45 — these are included to address overfitting concerns. The IoU values are shaded for
ease of interpretation: from red for the smallest value in the column to green for the
largest. This COCO data supports Figure 5.23 in Section 5.2.9.

Classes (IoU)

Model Including CCT chair diningtable mlIoU
MCTFormer+ ‘; 2283 2;82 gggg
DB Inter - Layer 8 ‘; 342123 :ggg 2;4613
DB Union - Layer 11 ')/( ggig jggé gigz

Table A.5: The experimental data for models trained with and without CCT on VOC.
It is applied to two high-performing single-layer cross image attention models from
Section 5.2.3. A baseline comparison to MCTFormer+ with and without CCT is also in-
cluded. The IoU values are shaded for ease of interpretation: from red for the smallest
value in the column to green for the largest. This data supports Figure 6.4 in Sec-
tion 6.3.3.
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Classes (IoU)

Model Include CCT baseball bat baseball glove fork knife mouse keyboard mIoU
MCTFormer+ v 5.08 6.53 12.44 15.70 14.62 49.31 43.14

X 4.56 8.78 14.80 19.75 19.36 49.47 | 44.69

DB Inter - Laver 8 v 5.95 5.82 13.24 15.92 14.95 47.87  42.74
¥ X 7.66 10.90 13.89 18.27 19.73 51.68  43.88

DB Union - Laver 7 4 4.06 4.05 14.30 16.15 11.20 46.01 41.25
4 X 7.88 8.12 12.47 17.39 14.80 46.41 40.06

DB Union - Laver 11 v 3.73 7.09 17.42 17.17 12.56 44.83 41.73
4 X 5.08 10.80 13.70 17.19 13.51 46.19 39.97

Table A.6: The experimental data for models trained with and without CCT on COCO.
It is applied to three high-performing single-layer cross image attention models from
Section 5.2.3. A baseline comparison to MCTFormer+ with and without CCT is also in-
cluded. The IoU values are shaded for ease of interpretation: from red for the smallest
value in the column to green for the largest. This data supports Figure 6.5 in Sec-
tion 6.3.3.

Co-occurrence Turnoff Specific CCT and Classes (IoU)

Threshold Mode Layers CCT Prime baseball bat baseball glove fork knife mouse keyboard mIoU
MCTFormer+ v 5.08 6.53 12.44 15.70 14.62 49.31 43.14
MCTFormer+ X 4.56 8.78 14.80 19.75 19.36 49.47 44.69

0.2491 v 6,7,8 X 7.80 13.79 12.34 18.02 26.95 50.63 44.01
0.2491 v 7,8,9 X 9.10 13.07 12.52  19.02 25.80 50.62  44.15
0.2491 X 6,7,8 v 2.97 4.79 11.12 1541 14.59 45.34 41.37
0.2491 X 7,8,9 v 4.30 5.02 14.39 16.25 16.58 47.55 41.99
0.2491 v 6,7,8 v 3.94 5.56 16.88 17.22 18.91 48.05 42.07
0.2491 v 7,8,9 v 4.98 3.98 9.51 13.80 9.43 34.59  42.08
0.46 X 6,7,8 v 3.00 6.30 13.13 15.87 15.95 44.27  41.40
0.46 X 7,8,9 v 3.02 3.23 13.96 16.76 11.96 41.28 41.64
0.46 v 6,7,8 v 3.15 6.38 11.75 17.40 18.70 47.52 42.41
0.46 v 7,8,9 v 3.09 7.41 12.67 16.74 18.32 48.98 41.53

Table A.7: The experimental data for CCT and CCT Prime being enabled in CIA-AP
models (using the Mean augmentation method). These model configurations vary by
the co-occurrence threshold, the enabling of “turnoff” mode, and the specific layers
to which the cross attention is applied. The first two rows are baseline comparisons
to MCTFormer+ with and without CCT, respectively. The third and fourth rows are
baseline comparisons to equivalent models trained using CIA-AP with a co-occurrence
threshold of 0.2491, “turnoff” mode enabled, differing groups of layers to which the
cross attention is applied, and CCT and CCT Prime disabled. The IoU values are
shaded for ease of interpretation: from red for the smallest value in the column to
green for the largest. This COCO data supports Figure 6.8 in Section 6.3.5.
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