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ABSTRACT

In this project, we approach the problem of image synthesis and how this can be improved
by using object-centric segmentation. Slot-based auto-encoders stand out in the field
of object-centric segmentation and the masked auto-encoders have shown impressive
results in image generation. In our approach we use the following techniques. A slot
based auto-encoder, which uses attention based training to distill attention maps from the
decoder. A Masked Generative encoder, in order to achieve image synthesis, with the
aid of the attention maps from the first step. We also perform clustering on the distilled
attention maps and perform image generation. We focus on improving real-world image
reconstruction, our approach demonstrates the potential of slot-based auto-encoders to
enhance practical applications in object-centric representation learning, addressing the
specific challenges posed by real-world imaging scenarios.

SUBJECT AREA: Computer Vision

KEYWORDS: Computer Vision, Image Generation, Segmentation






NEPIAHWH

21NV TTapolca epyaaoia, TTPooeyyifoupe To TIPORANUA TG OUVOEONG EIKOVWY KAl TTWG AUTO
MTTOPEN va BEATIWOEI hE TN XPAON QVTIKEINEVOKEVTPIKAG TUNUaTOTToINONG. O auTOKWOIKO-
TToINTEG WE BAon TiIG uTTodoxEG(slots) Eexwpilouv OTOV TOPEQ TNG AVTIKEIMEVOKEVTPIKAG THN-
MOTOTTOINONG KAl O QUTOKWOAIKOTTOINTEG WE TN XPHON MOOKWY £XOUV OEigel eVvTUTTWOIOKA
arroteAéopaTa oTn dNUIOUPYIa EIKOVWYV. 2TNV TIPOCEYYIOH MOG XPNOIUOTIOIOUUE TIG OKO-
AouBeg TexvikEG. ‘Evav autdpaTto KWwAIKOTIoINTH PE BAON TIG UTTODOXEG, O OTTOIOG XPNOl-
MoTTolEl ekTTaidEUON WE BACN TNV TNV ATTOCTIACT TWV AVTIOTOIXIOEWV TTPOCOXNG OTTO TOV
QATTOKWOIKOTTOINTA YIa KABE €lkOva. 'Evav dnuioupyikdS auTOuaTog KWAIKOTTOINTAG WE TN
XPron MOOKWYV, TTPOKEINEVOU va ETTITEUXOEI N ouvBeon €ikOvag, ue Tn Borbeia Twv avTi-
OTOIXNOEWV OTTO TO TTPWTO BrPA. [payPATOTIOIOUUE ETTIONG OJAdOTTOINCN OTIG EEAYOUEVES
QVTIOTOIXIOEIG TIPOCOXAG YIa TN dnpIoupyia eIKOVWYV. ETTIKEVTpwvOpaoTe oTn BeATiwon NG
QVOKATOOKEUNG EIKOVWVY TTPAYHUATIKOU KOOHOU, N TTPOCEYYIOT HAG KATAOEIKVUEL TIG OUVATO-
TATEG TWV QUTOUATWY KWAIKOTTOINTWY TTOU BaciovTal o€ UTTOBOXEG VIO ThV EvioXuon Twv
TIPOKTIKWY EQAPPOYWYV OTN JABNON AVTIKEIMEVOKEVTPIKNG avaTTapAdoTaoNG, AVTIMETWTTICO-
VTOG TIG EI0IKES TTPOKANOEIG TTOU BETOUV TA OEVAPIA ATTEIKOVIONG TOU TTPAYHATIKOU KOG OU.

OEMATIKH NEPIOXH: Opaon YTroAoyioTwv

AE=EIZ KAEIAIA: Opaon YtoAoyioTwy, Anuioupyeia eIKOvwv, Tunuatotroinon
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1. INTRODUCTION

Object-centric learning is a promising approach in machine learning that enhances the
understanding and representation of objects within visual data. This study explores the
application of object-centric learning to improve image reconstruction and generation, uti-
lizing techniques from the SPOT [1] and MAGE [2] frameworks, as well as generative
methodologies using clustering techniques and slot generation.

Slot-based autoencoders represent another significant advancement in object-centric learn-
ing, particularly for image generation. These models segment an image into distinct
"slots,” each representing different objects or parts of the scene [3]. By learning to en-
code and decode these slots separately, the model can generate images with coherent
and well-defined objects, improving the quality and realism of the generated images. This
approach not only aids in image synthesis but also enhances the interpretability of the
learned representations.

We employ several advanced methods for object-centric learning. One key technique is
the use of autoregressive (AR) decoders, which surpass traditional MLP-based decoders
by leveraging a more expressive capacity to process learned representations [4]. This
enables the AR decoders to better handle complex spatial relationships and object struc-
tures within images, crucial for generating coherent, object-centric outputs. However, AR
decoders can sometimes overfit, particularly when relying heavily on past ground-truth
tokens, which weakens the learning of object-specific features [5]. To counter this, we
adopt the patch-order permutation strategy from the SPOT framework [1], where image
patches are rearranged during self-training. This approach forces the model to rely more
on object-centric slot features, improving the robustness of object-wise predictions and
enhancing the model’s overall spatial understanding.

Masked autoencoders play a crucial role in learning robust representations for image
reconstruction and synthesis. In the MAGE framework, images are partially masked,
prompting the model to reconstruct the missing parts [6]. This technique compels the
model to understand the underlying structure and semantics of the image, leading to high-
quality reconstructions. The generative encoder in MAGE unifies representation learning
and image synthesis within a single model, improving efficiency and effectiveness in both
tasks [7].

A crucial addition to the slot-based autoencoder approach is the use of clustering used for
slot and image generation. We apply K-means clustering to group slots into semantically
meaningful concepts. This allows the model to identify and group objects or components
that share similar attributes. When generating new images, we can select slots from these
concept libraries, which aims that the objects in the generated images have coherent visual
properties. Moreover, this clustering mechanism avoids severe occlusions by rejecting
slots with overlapping segmentation masks.

This project aims to demonstrate how combining these object-centric learning techniques
can affect image reconstruction and generation. By leveraging the masked autoencoders

25 K. Konstantinidis
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from MAGE, and the autoregressive decoders and patch-order permutations from SPOT,
as well as slot-based autoencoders and clustering, the study seeks to show how these
methods can collectively improve the performance and accuracy of image-based tasks.

The primary objectives of this study are to:

1. Explore object-centric learning in slot-based autoencoders by introducing a two-
stage training process. In the first stage, we distill attention maps during image
segmentation, capturing important structural details for better object representation.

2. Reconstructimages by leveraging the attention maps from the first stage and utilizing
masked autoencoders to generate high-quality images, even in challenging real-
world scenarios.

3. Explore the benefits of slot-based autoencoders and clustering of slots in generating
high-quality images.

This research is significant because it addresses key challenges in computer vision, such
as reconstructing images and generating synthetic images. By advancing our understand-
ing of object-centric learning and its practical applications, this study aims to contribute to
the field of computer vision.

K. Konstantinidis 26
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2. RELATED WORK

Unsupervised Object-centric learning aims to break down scenes containing multiple
objects into distinct and meaningful components, referred to as slots, with slot-attention
bottlenecks[3]. This research area has advanced significantly with various approaches
improving the accuracy and stability of object segmentation and representation. Slot At-
tention stands out as a key method, employing an iterative attention mechanism to partition
images into individual slots.Although previous models struggled with, real-world scenes
[8, 9]. To overcome these issues, recent methods have enhanced the encoder’s slot-
attention module through techniques like bi-level optimization [10] and structural changes.
Moreover, the development of decoders that facilitate effective decomposition has led
to significant improvements, with autoregressive transformer decoders used in SLATE
[11] and diffusion-based methods [12, 13] being particularly noteworthy. Ultilizing self-
supervised pre-trained features, as seen in DINOSAUR [14], has also been beneficial
for tackling complex scenes. The SPOT framework [1] has introduced novel strategies,
such as attention-based self-training and patch-order permutation, further enhancing ob-
ject segmentation and reconstruction. Our research builds upon these developments by
combining static image-based object-centric learning with improved image synthesis tech-
niques.

Self-Supervised Learning for Vision has become a cornerstone in computer vision, en-
abling models to learn from unlabeled data by solving pretext tasks. Techniques such as
masked image modeling (MIM)[15] have been particularly effective, drawing inspiration
from natural language processing. For example, BEIT [16] uses a BERT-style approach
to recover discrete visual tokens from masked inputs, while SimMIM [17] employs a sim-
pler framework that predicts raw pixel values of masked image patches, demonstrating
strong representation learning capabilities. Masked Autoencoders (MAE) [6] treat MIM as
a denoising task, reconstructing pixel-level details from masked images, and CMAE[18]
combines this approach with a contrastive loss to enhance feature separability. Despite
their success, these methods often prioritize the quality of learned representations for
downstream tasks over the fidelity of reconstructed images.

Generative Models for Image Synthesis have seen substantial advancements, with
deep learning techniques such as Generative Adversarial Networks (GANs) [19] leading
the way in creating realistic images. GAN-based models have been used across various
domains but face challenges like training instability and mode collapse. To address these
issues, two-stage approaches like VQVAE-2 [20] tokenize images into latent spaces be-
fore applying maximum likelihood estimation. This method, along with advancements like
ViT-VQGAN [21], which leverages Vision Transformers for tokenization and autoregres-
sive generation, has improved the diversity and quality of synthesized images. Diffusion
models [22] have also emerged as powerful alternatives, achieving impressive results in
image synthesis by iteratively refining noisy images into high-fidelity outputs.

However, many generative models struggle to simultaneously excel in image synthesis
and representation learning. Our model utilizes the object-centric learning in order to

27 K. Konstantinidis
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excel in image synthesis. By integrating techniques from object-centric learning, such as
autoregressive decoders and slot-based autoencoders, our approach not only enhances
the understanding and segmentation of objects within images but also improves the quality
and coherence of generated images. This unified framework leverages the strengths of
both methodologies, demonstrating that it is possible to achieve high performance in both
image generation and representation learning.

K. Konstantinidis 28
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3. BACKGROUND WORK

3.1 General Information

3.2 Computer Vision

Computer vision is a field of artificial intelligence that focuses on enabling machines to
interpret and understand visual information from the world, much like humans do. It in-
volves developing algorithms and models that can process, analyze, and make sense of
images and videos. The goal of computer vision is to replicate the human visual system’s
ability to perceive and comprehend the environment. This technology primarily relies on
pattern recognition, where computers are trained on vast amounts of visual data to learn
the features and patterns that define different objects. A computer vision system learns
to identify the common features of images and builds a model to recognize them in new
images. These models can then be used to detect and classify objects in various ap-
plications, such as facial recognition, autonomous driving, and medical image analysis.
Through this process, computer vision systems can interpret visual data, enabling ma-
chines to interact with and understand the visual world around them.

3.3 Image Generation

Image generation refers to the process of creating new images from scratch or from ab-
stract representations using machine learning models. This area of research involves
leveraging algorithms like Generative Adversarial Networks (GANs), diffusion models, and
other generative frameworks to produce realistic and high-quality images. These models
learn from a dataset of real images to understand the underlying patterns and features,
enabling them to generate new images that are visually similar to the training data. Ap-
plications of image generation include creating art, enhancing video game graphics, and
producing synthetic data for training other Al models.

3.4 Object-centric image segmentation

Object-centric image segmentation is a crucial task in computer vision that involves par-
titioning an image into distinct regions corresponding to different objects. This technique
aims to accurately identify and delineate each object within an image, providing detailed
and precise boundaries. Advanced segmentation models, such as those based on con-
volutional neural networks (CNNs) and transformers, are trained on annotated datasets
where each pixel is labeled according to the object it belongs to. Object-centric seg-
mentation is fundamental in various applications, including autonomous driving, where it
is essential for detecting pedestrians and other vehicles, medical imaging for identifying
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anatomical structures, and augmented reality for integrating virtual objects seamlessly into
real-world scenes.

3.5 K-means Clustering

K-means is a widely-used clustering algorithm that partitions a dataset into K distinct,

non-overlapping clusters. Given a dataset X = {x;, 25, ..., z,}, the goal is to assign each
data point z; to one of K clusters, minimizing the intra-cluster variance. The algorithm
proceeds by initializing K centroids uq, us, . . ., ux and iteratively updating them. At each

step, the data points are assigned to the nearest centroid based on the Euclidean distance,
as defined by:

A, i) = [z — |2
where || - ||, represents the Euclidean norm. After assigning each data point to the nearest
cluster, the centroids are updated by computing the mean of the assigned points.

The optimization objective of K-means clustering is to minimize the sum of squared dis-
tances between the data points and their corresponding centroids. This can be expressed
as the following objective function:

n K
J=Y "> Wz =k)llz — el
=1

=1 k=1

where z; represents the cluster assignment for data point z;, and W(-) is the indicator
function that is 1 if x; belongs to cluster £, and 0 otherwise. The algorithm alternates
between assignment and update steps until convergence.

3.5.1 Mini-batch K-means

Mini-batch K-means is a variant of the standard K-means algorithm that improves com-
putational efficiency, particularly when dealing with large datasets. Instead of using the
entire dataset for each iteration, Mini-batch K-means processes small, randomly selected
subsets (mini-batches) of the data at each step. This approach significantly reduces the
computational complexity while still maintaining good clustering performance. Let B rep-
resent a mini-batch of size m sampled from the dataset X.

At each iteration, the mini-batch B = {z;,,z;,,...,x;,} is used to update the centroids.
The assignment and update steps are performed similarly to K-means, but the updates
are computed using only the mini-batch, which makes the algorithm much faster:

|
1t 2 ot
pett =k + (m > (i uk)>

z;€CxNB

where 7 is the learning rate, and Cj, N B represents the subset of the mini-batch assigned
to cluster k.
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Mini-batch K-means trades off a small loss in clustering accuracy for a significant gain
in speed, making it particularly well-suited for large-scale clustering problems where pro-
cessing the entire dataset in each iteration would be computationally expensive.

3.5.2 K-means Algorithm Pseudocode

The pseudocode for the K-means algorithm can be written as follows:

Algorithm 1 K-means Clustering

Input: Data points X = {z1,xs,...,2,}, number of clusters k
Output: Cluster centroids 1, o, . . ., 1, and assignments of data points to clusters

Initialize: Randomly choose k points from X as the initial centroids piq, o, . . ., fx
repeat

for each data point z; € X do

Assign z; to the closest centroid 1; using a distance metric (e.g., Euclidean

distance)

end for

for each centroid 11; do
10: Update the centroid 1; by computing the mean of all points assigned to cluster

J
1: end for
12: until the centroids 11, s, . . ., ;. do not change (or change is smaller than a threshold)
13:
14: Return: Final cluster centroids 1, ui9, . . ., 1 @and assignments of data points to clus-
ters

N aRON 2

© @

3.6 Computer Vision Models

3.6.1 Encoder and Decoder Structures

Encoder: An encoder consists of multiple identical layers, typically structured in a stack.
Each layer generally comprises two main sub-components: a multi-head self-attention
mechanism[4] and a position-wise feed-forward network. The role of the encoder is to
convert an input sequence into a continuous representation, effectively capturing the es-
sential information of the input. Residual connections [23], combined with layer normaliza-
tion [24], help stabilize and optimize the training process, ensuring that the layers’ outputs
are added back to the input of that layer. This integration maintains the output dimensions
consistent throughout the layers, typically specified by a predefined model dimension.
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Decoder: Similar to the encoder, the decoder is built from multiple identical layers. Each
decoder layer includes the same two sub-components as the encoder: a multi-head self-
attention mechanism[4] and a position-wise feed-forward network, along with an additional
sub-layer that performs multi-head attention over the encoder’s output. The decoder’s
primary function is to generate an output sequence from the continuous representation
produced by the encoder. There are various types of decoders.

3.6.2 Attention Mechanism

An attention mechanism is a method that enhances the capability of models to focus on
specific parts of the input sequence when producing each part of the output sequence.
It functions by mapping a query and a set of key-value pairs to an output. Both queries
and keys, as well as values and outputs, are vectors. The output is a weighted sum of the
values, where each weight reflects the relevance of the corresponding key to the query.

Scaled Dot-Product Attention A common type of attention mechanism, scaled dot-
product attention, computes the dot products of a query with all keys, scales the result
by the square root of the key dimension, and applies a softmax function to obtain the
weights on the values. This method allows the model to dynamically focus on different
parts of the input sequence for each output element [4]. The attention mechanism can be
computed efficiently using matrix multiplication, which is highly optimized in many deep
learning frameworks.

Practically, we compute the attention function for a set of queries simultaneously, packed
into a matrix (). The keys and values are similarly packed into matrices K and V. The
matrix of outputs is computed as:

Attention(Q, K, V') = softmax (QKT> 1% (3.1)
e

The most commonly used attention functions are additive attention [25] and dot-product
(multiplicative) attention. Dot-product attention aligns with our method, except for the scal-
ing factor ﬁ Additive attention uses a feed-forward network with a single hidden layer
for the compatibility function. While similar in theoretical complexity, dot-product atten-
tion is faster and more space-efficient in practice, benefiting from highly optimized matrix
multiplication code.

3.6.3 Vision Transformer (ViT) Models

Vision Transformer (ViT) is a deep learning model that applies transformer architecture, ini-
tially designed for natural language processing (NLP), to computer vision tasks. In contrast
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to convolutional neural networks (CNNs), which rely on convolutional layers to capture lo-
cal features in images, ViT operates by dividing an image into smaller patches and treating
these patches as a sequence of tokens, akin to words in NLP. Each patch is flattened into
a vector and linearly embedded into a fixed dimension, forming the input sequence for the
transformer. These patch embeddings are then processed through standard transformer
layers to model long-range dependencies between patches. Formally, for an image I,
divided into NV patches, the input sequence is:

Z20 = [$1E,$2E, c. ,fIfNE] —+ Epos

where £ is the patch embedding matrix, and E,.s are the positional encodings that intro-
duce spatial information.

A key advantage of ViT is its ability to model global relationships across the entire image
early in the network. Unlike CNNs, which progressively expand the receptive field through
successive layers, ViT can attend to any part of the image from the very first layer. This
allows the model to capture both local and global dependencies more efficiently. The
self-attention mechanism in ViT computes relationships between patches by calculating
attention scores based on the pairwise similarity of patch embeddings. Given query @,
key K, and value V matrices for the patches, the attention scores are computed as:

Attention(Q, K, V') = softmax (QKT) Vv
o e

where d;, is the dimensionality of the key vectors. This attention mechanism enables ViT
to capture complex spatial dependencies that may be challenging for CNNs.

VIiT has demonstrated competitive performance on several benchmark datasets, such as
ImageNet, with fewer inductive biases than CNNs. However, one of the challenges of
training ViT models is the need for large amounts of data due to the lack of locality priors
that CNNs naturally exploit. To address this, ViT models are often pre-trained on large
datasets (such as JFT-300M) and then fine-tuned on smaller, task-specific datasets. ViT
has opened new avenues for applying transformer-based architectures to vision tasks,
showing that with sufficient data and computational resources, transformer models can
achieve or even surpass the performance of traditional convolutional models.

3.6.4 Masked language modeling

Masked language modeling and its autoregressive variants, such as BERT [26] and GPT
[27, 28, 29], have proven to be highly effective pre-training methods in NLP. These tech-
nigues involve masking parts of the input sequence and training models to predict the miss-
ing content, demonstrating excellent scalability [29]. Substantial evidence indicates that
these pre-trained representations generalize well to a wide range of downstream tasks.
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3.6.5 Autoencoding

Autoencoding is a traditional technique for learning representations, employing an encoder
to map inputs to latent representations and a decoder to reconstruct the inputs. PCA
and k-means serve as examples of autoencoders [30]. Denoising autoencoders (DAEs)
[7] specifically corrupt the input signal and train to reconstruct the original, uncorrupted
version. Many methods can be viewed as generalized DAEs under various corruptions,
such as masking pixels [7, 31, 32] or removing color channels [33]. Our approach, MAE,
aligns with denoising autoencoding but diverges in several significant ways.

3.6.6 Self-supervised learning

Self-supervised learning has gained significant interest in computer vision, often focus-
ing on different pretext tasks for pre-training [34, 35, 36, 33, 37]. Recently, contrastive
learning [35, 38] has become popular, with methods like [35, 36, 39, 40] modeling image
similarity and dissimilarity (or only similarity [39, 40]) between two or more views. These
methods heavily depend on data augmentation [35, 39, 40]. Autoencoding follows a dif-
ferent conceptual path and exhibits distinct behaviors, as we will present.

3.6.7 Unsupervised learning

Unsupervised learning is a type of machine learning where the model is trained on data
without explicit labels, allowing it to discover hidden patterns and structures within the
dataset. This approach contrasts with supervised learning, where models are trained us-
ing labeled data. Unsupervised learning techniques, such as clustering, dimensionality
reduction, and generative models, are particularly valuable in scenarios where labeled
data is scarce or expensive to obtain. Clustering algorithms like k-means [41] and hi-
erarchical clustering [42] group data points based on similarity, facilitating the discovery
of inherent groupings in the data. Dimensionality reduction techniques such as Princi-
pal Component Analysis (PCA) [43] and t-Distributed Stochastic Neighbor Embedding
(t-SNE) [44] reduce the number of variables under consideration, enabling more efficient
data visualization and analysis. Generative models, including autoencoders and Genera-
tive Adversarial Networks (GANs) [19], learn to generate new data samples that resemble
the training data, offering powerful tools for data augmentation and synthesis.

3.6.8 Methodologies for Selecting Patch Tokens to Mask

In transformer-based architectures, particularly Vision Transformers (ViT), images are di-
vided into patch tokens before being processed by the model. In masked image modeling
tasks, a subset of these patch tokens is masked, meaning that their information is re-
moved or obscured, and the model is trained to predict the missing patches. Selecting
which patches to mask is crucial, as it can influence the model’s learning and ability to
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generalize. A common strategy is to randomly select patches to mask. This approach
provides a uniform coverage across the image, ensuring that the model does not overfit
to specific regions while learning to reconstruct the masked tokens.

Another methodology for masking patch tokens is based on attention orimportance scores.
In this approach, the model computes the significance of each patch token through a pre-
liminary attention mechanism. Tokens with lower attention scores or less significance are
more likely to be masked, as the model can focus on learning to reconstruct less salient
parts of the image. Conversely, masking more informative or highly attended patches can
make the task more challenging and potentially improve the model’s ability to learn con-
textual relationships between patches. This technique leverages the idea that not all parts
of the image are equally important for reconstruction.

A more sophisticated masking strategy involves selective masking based on image struc-
ture or semantic information. For instance, patches corresponding to important regions
like object boundaries, textures, or high-contrast areas may be masked to encourage the
model to learn meaningful visual features. This structured masking is often informed by
pre-existing image segmentation algorithms or gradient-based saliency maps. By strate-
gically masking important areas, the model is challenged to leverage contextual clues from
surrounding patches, improving its ability to handle complex visual patterns and improve
downstream performance in tasks like segmentation or object recognition.

5;‘5,;. 7N
e VAR,
| ﬁ?

t+ 4+ 1 1

Vision Transformer |

!

Figure 3.1: Simple example of patch token masking

3.6.9 Auto-regressive transformer decoders.

The autoregressive decoder is a fundamental component in sequence generation mod-
els, particularly in natural language processing and computer vision tasks. It models the
conditional probability of each element in a sequence given the previous elements. For-
mally, for a sequence of tokens = = (21, xs, ..., z7), the joint probability is factorized in an
autoregressive manner as:

T

p(T1,22,. .., 21) = Hp(xt | 21, Z2s .o Ty1)
t=1

This factorization ensures that each token x; is generated conditioned on all the previously
generated tokens, making the model sequential in nature.
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The autoregressive property can be seen in decoders such as those used in Transformers
and RNNs. The decoder generates the output sequence one step at a time, where each
step involves predicting the next token. During training, teacher forcing is often employed,
where the ground truth sequence is fed as input, but during inference, the model relies
on its own generated output as context. The probability of generating the next token is
computed using a softmax over the vocabulary:

p(e | X1, 29, ..., 24-1) = softmax(W hy)

where h; is the hidden state at time step ¢, and W is the learned weight matrix.

A key challenge with autoregressive decoders is the accumulation of errors during infer-
ence. If an incorrect token is generated at any step, it becomes part of the context for
generating future tokens, potentially leading to further mistakes. However, autoregres-
sive decoders remain highly effective for many tasks due to their strong ability to capture
temporal dependencies in sequence data. The sequential nature of these models con-
trasts with non-autoregressive approaches, where all tokens are predicted independently
or in parallel.

Left to right
Top to bottom

Figure 3.2: AR Decoder in ViT

3.6.10 Generative Adversarial Networks (GANs)

Generative Adversarial Networks, introduced by lan Goodfellow et al. in 2014 [19], consist
of two neural networks: a generator and a discriminator, which are trained simultaneously
through adversarial training.

Architecture The architecture of GANs includes:

* Generator: This network takes random noise as input and generates images.
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» Discriminator: This network evaluates the authenticity of the images, distinguishing
between real and generated images.

The generator aims to produce images that are indistinguishable from real images, while
the discriminator tries to correctly classify real and fake images.

Training Process The training process of GANs involves a minimax game:

mGin max V(D,G) =Eppyon @109 D(2)] + E.op_)[log(1 — D(G(2)))] (3.2)

where G represents the generator, D represents the discriminator, py...(z) is the distribu-
tion of real data, and p.(z) is the distribution of the input noise.

Diffusion Models Diffusion models are a class of generative models that iteratively re-
fine images from noise. They have gained popularity due to their simplicity and effective-
ness in generating high-quality images.

Architecture Diffusion models work by modeling the data distribution as a reverse dif-
fusion process. This involves:

* Forward Process: Gradually adding noise to the data to transform itinto a Gaussian
distribution.

* Reverse Process: Learning to reverse the noise addition process to generate new
data samples.

Training Process The training of diffusion models involves learning the reverse process
through a parameterized model, typically a neural network. The objective is to minimize
the difference between the model’s output and the original data distribution. Mathemati-
cally, this can be represented as:

L(0) = Erap.e [lle — eole, )] (3.3)

where x; represents the noisy data at step ¢, ¢ is the added noise, and ¢, is the model’s
prediction of the noise.

3.6.11 Variational Autoencoders (VAESs)

Variational Autoencoders, introduced by Kingma and Welling in 2013 [45], are a type of
generative model that combine principles from variational inference and deep learning.
They are designed to learn a probabilistic mapping from data to a latent space and back,
enabling the generation of new data samples.
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Architecture The architecture of VAEs includes:

* Encoder: This network maps input data = to a latent representation z. Instead
of directly outputting z, the encoder outputs parameters of a distribution (typically
Gaussian), from which z is sampled.

» Decoder: This network reconstructs the data from the latent representation 2. It
aims to produce outputs that are as close as possible to the original input data.

The encoder and decoder are trained jointly to maximize the evidence lower bound (ELBO)
on the likelihood of the data.

Training Process The training process of VAEs involves optimizing the ELBO, which
consists of two terms: the reconstruction loss and the KL-divergence between the learned
latent distribution and the prior distribution. This can be mathematically expressed as:

L(0,¢;7) = By, o [l0g po(]2)] — KL(gs(z]2)[p(2)) (3.4)

where py(x|z) is the decoder network, ¢,(z|z) is the encoder network, and p(z) is the prior
distribution over the latent variables.

3.7 Previous Work

3.7.1 Slot Attention

The Slot Attention module [3] maps a set of IV input feature vectors to K output vectors,
referred to as slots, where each slot typically represents an object or entity in the input.

The module employs an iterative attention mechanism to refine randomly initialized slots
over T iterations, ensuring that each slot binds to specific parts of the input features. This
process involves a competitive softmax-based attention mechanism, which normalizes
the attention coefficients over the slots, thereby promoting competition among slots for
explaining the input features. The attention mechanism utilizes dot-product attention, with
attention coefficients normalized using a fixed temperature, defined by the input feature
dimension D.

The slots are updated using a weighted mean of the input values, which enhances the sta-
bility of the attention mechanism. A Gated Recurrent Unit (GRU) with optional multi-layer
perceptron (MLP) and residual connections updates the slots at each iteration. Layer
normalization is applied to both the inputs and slot features to accelerate training con-
vergence. The Slot Attention module is permutation invariant with respect to the input
and permutation equivariant with respect to the slots, making it particularly suitable for
set-based inputs. The time complexity of the module is O(T - D - N - K).
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(a) Slot Attention module.
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Figure 3.3: (a) Slot Attention module and example applications to (b) unsupervised object discovery
and (c) supervised set prediction with labeled targets

3.7.2 Spot

The Spot framework[1], excels in object-centric image segmentation, becoming the SOTA
model for unsupervised segmentation.

Spot uses slot-based auto-encoders, a framework used in object-centric learning, where
the model consists of an image encoder and a slot-attention module. The encoder extracts
patch-wise features from an image, while the slot-attention module groups these features
into a smaller number of latent vectors, or "slots,” each representing an object in the image.
The decoder then reconstructs the original image or another target signal from these slot
vectors. This framework benefits from using self-supervised pre-trained feature encoders,
such as DINOJ[46], to enhance the quality of the extracted features and reconstruction
targets.

A key component in this architecture is the autoregressive transformer decoder, which
predicts features sequentially using prior target features and slots, employing teacher-
forcing during both training and testing. The primary objective is to decompose the input
image into its constituent objects, which is evaluated using slot-attention maps derived
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Algorithm 2 Slot Attention module

Input: inputs € RV *Pieus | slots ~ N (u,diag(c)) € RE*Psots
Layer params: k, ¢, v: linear projections for attention; GRU; MLP; LayerNorm (x3)
inputs = LayerNorm(inputs)
fort =0to T do
slots_prev = slots
slots = LayerNorm(slots)
attn = Softmax(k(inputs) - ¢(slots)”, axis="slots’) > norm. over slots
updates = WeightedMean(weights=attn + ¢, values=v(inputs)) > aggregate
slots = GRU(state=slots_preyv, inputs=updates) > GRU update (per slot)
slots += MLP(LayerNorm(slots)) > optional residual MLP (per slot)
: end for
return slots
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Figure 3.4: Spot Framework.

from the slot-attention module or the decoder.

A novel two-stage training method, SPOT, improves this process by using slot-attention
distillation. In the first stage, the model is trained with a reconstruction loss. In the second
stage, a teacher-student framework guides the student model with an additional atten-
tion distillation loss, enhancing the object-specific grouping capability of the slot-attention
module. This method also stabilizes the training of self-supervised Vision Transformers,
enabling better fine-tuning and maximized learning capacity.
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Figure 3.5: Samples of annotated images in the MS COCO dataset.

3.7.3 Mage

MAGE unifies generative tasks and representation learning by first quantizing input im-
ages into semantic tokens using a pre-trained VQGAN model [47]. The model employs a
variable masking ratio strategy, masking out some input tokens randomly, and then uses
an encoder-decoder transformer architecture to predict the masked tokens. To enhance
the learned representations, a contrastive loss similar to SImMCLR [35] is added to the
encoder’s output, termed MAGE-C.

Pre-training

Tokenization: Input images are tokenized into a sequence of semantic tokens, enabling
the model to operate on higher-level representations rather than raw pixels, which benefits
both generation and representation learning.

Masking Strategy: The masking ratio m, is sampled from a truncated Gaussian distri-
bution, and a portion of the input tokens is masked and replaced with a learnable mask
token. Further, a significant fraction of masked tokens is dropped to reduce pre-training
time and memory consumption, inspired by findings in MAE [6].

Encoder-Decoder Design: The model uses a Vision Transformer (ViT) encoder-decoder
structure. After masking and dropping tokens, a learnable class token is concatenated to
the input sequence. The encoder processes this sequence, and its output is padded with
the class token feature before being decoded to reconstruct the original tokens.

Reconstructive Training: The training objective is to reconstruct masked tokens from
unmasked tokens using a cross-entropy loss. This loss is applied only to masked tokens
to optimize both generation and representation performance, as supported by MAE’s ob-

41 K. Konstantinidis



Object-centric generative modeling: merging unsupervised segmentation learning with image synthesis

servations [6].
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4. METHOD
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Figure 4.1: Enhancing image synthesis by utilizing unsupervised object-centric learning. Our two-
stage approach starts with exclusive training in the initial stage(blue) by distilling the attention maps
from the image. Then on the second stage(orange) we train the model for image synthesis, which
we aid with the hungarian matching of the attention maps.

4.1 Model Framework

In our framework, we employ multiple stages in our training mechanism, in order to achieve
both good object-centric image segmentation, as well as image reconstruction. Our start-
ing point is the Mage[2] pretrained model. We start with the first stage by using the
SPOTI[1] framework. We distill the attention maps from the Spot decoder and save them.
The purpose of the extracted masks is, on the second stage of training which focuses on
image reconstruction from partially masked images, to sustain the object segmentation
and also try to prove that image segmentation helps to in the context of reconstruction.

Slot-based auto-encoders. In our framework, we employ a slot-based auto-encoding
approach, adapted from common practices in object-centric learning. This approach con-
sists of two modules: an image encoder and a slot-attention mechanism. The encoder
extracts n patch-wise features from image X, which are then grouped into k£ < n latent
vectors, or slots, U = (uy;. . .;ux) € R¥*%, where each slot represents a distinct object or
part of the image. We employ the MAGE encoder which was trained to handle masked
image reconstruction. The slot-attention module is responsible for clustering these patch-
wise features into object-centric representations. Each slot is iteratively refined through
an attention mechanism, which forces the slots to compete over the patches, ensuring
that each slot captures information about a specific object in the scene. By utilizing the
MAGE encoder, our method benefits from a more detailed and semantically meaningful
feature extraction process, making the object segmentation more precise compared to
other methods.

Defining Y, Y € R™*% as the target features and the predicted reconstructions, respec-
tively, the model is trained by minimizing the reconstruction loss:
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Defining the reconstruction task with high-level features provides a valuable training signal
for learning object-centric representations from real-world data.

Auto-regressive transformer decoders. For the decoding stage, we employ an autore-
gressive transformer as our decoder. This transformer predicts the target feature y; at
position i based on prior target features Y_; and the slot representations U. Specifically,
the decoder is tasked with reconstructing high-level target features from the slots, guided
by the attention mechanism. To achieve this, the decoder is composed of a series of
transformer blocks, including causal self-attention layers and cross-attention layers that
link each patch back to its corresponding slot.

The prediction is performed using teacher-forcing, where the input to the decoder is the
target feature set Y. ¢ R"*% which consists of target features right-shifted by one position
(excluding the last token). A learnable Beginning-Of-Sentence (BOS) token is prepended:

Yo = (YBos:¥1; - -5 Yn—1)-
Slot-attention distillation

We distill the slot-attention maps from the decoder to the encoder to improve object seg-
mentation. Attention maps Apec € R™**, which are derived from the autoregressive de-
coder during the reconstruction phase, are transferred to the encoder. These masks pro-
vide valuable information for refining the slot representations.

Slot-attention distillation loss Larr. The attention maps A+ from the teacher’s decoder
are converted to hard-assignment masks by applying row-wise argmax:

Al = one-hot(argmax(Ar)) € {0, 1}

To map the teacher’s masks A’/. to the student’s masks Ag, we use Hungarian matching
based on the Intersection over Union (loU) between the masks. Finally, the cross-entropy
loss is applied between A/, and Ag:

L log(Ag)) s

Lt = —
n

The total training loss for this stage is:
L = Lrec + ALatT,

where )\ controls the weight of the distillation objective.
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4.1.1 First Stage

In the first stage we use the SPOT[1] (Self-Training with Patch-Order Permutation) model,
the focus is on training the slot-based auto-encoders using a reconstruction loss. First,
We select image encoder and the slot-attention module.

Then, the slot-attention module uses an iterative attention-based approach that starts with
initial query slot vectors U and generates the final output slot vectors U. The focus of this
module is a modified slot-to-patch cross-attention layer. The matrix A for the slot-attention
module is derived from the cross-attention map obtained during the last iteration.

TN T
AsLot = Softmax (QZKE) € RnXk, 4.1)

P

where K € R"*% are keys derived from the patch-wise features extracted by the image
encoder from the input image X, and Q@ € R**% are queries computed from the slot
vectors of the previous iteration. The Softmax function is applied along the slots dimension
to enforce competition.

The decoder module employs transformer-based decoders that utilize patch-to-slot cross-
attention layers to incorporate information from slot vectors U. In this setup, the atten-
tion maps A, denoted as Apec € R"**, are derived by averaging the patch-to-slot cross-
attention maps across H heads from the final transformer layer.

H T
1 Q;K;
ADEC = E E_l Softmax (d— , (42)

- h
Jj=

The keys K; € R are computed from the slot vectors U, and the queries @Q; € R™*
are derived from the transformed decoder input Y_ from previous layers. The Softmax
function is applied along the slots dimension.

Afterwards, it proposes a self-training scheme that distills slot-based attention maps from
the decoder to the encoder, and as a result advances the object segmentation captured
by the slot attention.

4.1.2 Second Stage

In our model we use two branches, that use a slot based auto-encoder framework. We split
our model in two branches. At the beginning for both branches we tokenize the images
from the pixel to the latent space, using the VQGAN[19] model.

At the first branch, using the pretrained MAGE[2] encoder, we choose to mask a part
of the tokens. Specifically, the masking ratio mr is initially determined by sampling from a
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truncated Gaussian distribution with a mean of 0.55, a minimum of 0.5, and a maximum of
1. This follows the methodology used in the original Mage framework. Given the length | of
the input sequence of tokens, we then randomly select mrx| tokens to mask, substituting
them with a learnable mask token [M].

On the second branch, we choose to keep all the patches of the encoder and then
pass it to the slot Attention module. We keep the hard mask pooled slots from this stage.
Afterwords, the decoder tries to reconstruct the masked patch tokens of the first branch.
We combine both the masked pooled slots and the encoded patches of the first branch
and pass it through the decoder.

Reconstructive Training, LetY = [y;]Y, be the tokenized latent tokens, where N is
the token sequence length, and M = [m,]¥, being the binary mask that determines which
tokens are to be masked. The training objective is to reconstruct the masked tokens from
the unmasked tokens, with the addition of the slots extracted from the second branch. To
achieve this, we add a cross-entropy loss between the ground-truth one-hot tokens and
the output of the decoder. Specifically,

Lreconstrucive = —Eyep < Z log p(yz‘ | YM)) ) (4.3)

1,m;=1

where Y), represents the subset of unmasked tokens in Y, and p(y; | Ya,) is the probability
predicted by the slot-encoder and decoder network, conditioned on the unmasked tokens.
We follow the approach of optimizing this loss exclusively on the masked tokens, like the
MAE[6] approach.

4.1.3 Third Stage

Kmeans In the third stage of our framework we are clustering the slots of the training
dataset, extracted from the trained model. Then from these slots we can do different
experiments such as in the image synthesis, which will be discussed below, by replacing
the slots in the evaluation dataset with the closest K-means clusters. With this method we
can generate new images based on the K-means centroids.

Masked Slots The next phase of the model is train it to fully generate new slots. The
methodology involves creating two possible occasions with a probability p during the train-
ing phase. One occasion is to keep the classic training method described in the second
stage. The second occasion is to hide all the latent tokens and some slots from the de-
coder, and also replace the remaining unhidden slots with the closest centroids from the
K-means algorithm. We add a cross-entropy loss which tries to predict the K-means ids
of the hidden slots.
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4.1.4 Post-training Evaluation

To generate images for generative model evaluation, we initiate the process with the
slots extracted from the Slot Attention module, while all other tokens are masked like
in Maskgit[48]. At each iteration, our model predicts the tokens for the remaining masked
positions. Subsequently, we sample some of these predicted tokens, prioritizing those
with higher predicted probabilities, and replace the corresponding masked tokens with
the sampled predictions. The number of tokens replaced in each iteration is determined
by a cosine function, starting with fewer replacements in the initial iterations and increasing
the number towards the later iterations.

This iterative process is repeated for a total of 20 steps to fully generate an image. For
representation learning, we apply global average pooling to the features output by the ViT
encoder, using the pooled features as input for the classification head.
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5. EXPERIMENTS

5.1 Setup

The COCO (Common Objects in Context)[49] dataset is a large-scale object detection,
segmentation, and captioning dataset, with a diverse collection of real-world images, each
featuring multiple co-occurring objects. It contains over 330,000 images, with more than
200,000 labeled images and 1.5 million object instances across 80 object categories.
Each image in the dataset is annotated with object bounding boxes, segmentation masks,
and detailed captions, making it a rich resource for various computer vision tasks.

In the realm of object detection, COCO is extensively used to train and evaluate mod-
els that identify and localize objects within images. Its challenging and diverse set of
annotations helps in developing robust detection algorithms that can generalize well to
real-world scenarios. For semantic scene labeling, COCO provides dense annotations
that allow models to assign a class label to each pixel in an image, facilitating the devel-
opment of algorithms capable of understanding complex scenes at a fine-grained level.
The comprehensive nature of the COCO dataset has made it a benchmark standard for
evaluating object detection and scene understanding models, driving significant progress
in these areas.

Beyond object detection, COCQO’s extensive annotations enable advancements in image
captioning, where models are trained to generate descriptive captions for images. By
providing human-written captions for each image, COCO allows researchers to develop
and evaluate models that bridge vision and language. This multimodal capability has cat-
alyzed progress in tasks like visual question answering (VQA) and image generation. Fur-
thermore, COCQO’s emphasis on complex, cluttered scenes featuring multiple interacting
objects pushes models to understand context and relationships between objects, leading
to more sophisticated and context-aware computer vision systems.

The dataset also plays a crucial role in developing models that handle object segmenta-
tion, where each object is precisely outlined using segmentation masks. COCQO'’s instance
segmentation annotations have been instrumental in the rise of powerful models like Mask
R-CNN, which not only detect objects but also delineate their exact shapes. This level of
granularity in object localization is essential for tasks such as autonomous driving, medical
image analysis, and robotic perception, where precise understanding of object boundaries
is critical.
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Figure 5.1: Samples of annotated images in the MS COCO dataset.
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5.1.1 Metrics

To evaluate object-centric learning, we utilize several metrics: Mean Best Overlap at the
instance level (MBO'), Mean Best Overlap at the class level (MBO®), Foreground Adjusted
Rand Index (FG-ARI), and Mean Intersection over Union (MIOU). MBO' measures the
best overlap for each ground truth mask, whereas MIOU uses Hungarian matching to
create a one-to-one correspondence between predicted and ground truth segments. We
emphasize MBO and MIOU metrics because they include background pixels, providing a
comprehensive assessment of how well the masks align with the objects. On the other
hand, FG-ARI, a cluster similarity metric, focuses solely on foreground pixels, which can
potentially misrepresent segmentation quality by ignoring the accuracy of predicted masks
and encouraging over-segmentation.

To evaluate segmentation and object-centric models in image-based tasks, several key
metrics are used. The **Mean Intersection over Union (mloU)** is defined as the average
ratio of the intersection and union between predicted and ground truth segments across
all classes:

|P. NG|
mloU = — Z|PUG|

where P. and G, represent the predicted and ground truth sets for class ¢. The Mean
Boundary Overlap for Instances (MBO') measures the overlap between instance bound-
aries, defined as:

B(Gi)

where B(-) is the boundary operator, and N is the number of instances. Similarly, the
Mean Boundary Overlap for Classes (MBQ°) focuses on class boundaries and is defined
as:

1 <~ |B(R)NB(G))]
MBO: = 2 [B(P) U

B(G.)|

The Foreground Adjusted Rand Index (FG-ARI) quantifies clustering performance by ad-
justing for chance, and is defined as:

1 |B(P)N B(G.)]
MBOc = 5; |B(P.) U

)] /)
: [2 <a@> - z @)} - [zi @') >3] /6)

where n;; is the number of elements in the intersection of clusters i and j, and «;, b; are
the sums of cluster sizes.

FG-ARI =
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5.2 Segmentaion metrics

For the implementation we use AdamW optimization with betas b; 0.9, b, 0.95, weight
decay of 0.05 and batch size 32. For the two training stages we use 50 and 30 epochs
on the COCO dataset. We implement our model with the ViT-B/16 Mage encoder and
decoder. On the slot attention module, we choose to create 7 slots. All models were
trained on a single GPU with 24 Gbytes.

3
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Figure 5.2: Image Segmentations using the second stage of our model

Model mBO’ | mMBO¢ | FG-ARI
SLATE[11] 29.1 33.6 -
Spot + DINO ViT 35 44.7 37
SlotDiffusion 31 35 37.2
Ours + Mage 29.7 38.6 40.07

Table 5.1: Evaluation metrics for object segmentation in the COCO Dataset compared to other SOTA

models

5.3 Image Reconstruction

During the image synthesis experiments, we use the iterative process mentioned in the
previous chapter. The images shown are from the validation of the MS COCO dataset.
During this process, we have no latent tokens and start with only the slots from the slot

attention module.

K. Konstantinidis
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Figure 5.3: Reconstructed images using the COCO Dataset, these images were masked at random
by at least 50 percent

We can see that the model struggles with the faces of people as well as letters, like in
the stop sign. The maijority of the images can be reconstructed starting only from the slot
attention module.
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5.4 Image Generation

In our attempt to create new images, we use the Kmeans approach to cluster the slots
of the training dataset. Then, in the test set, using the iterative generation approach, we
replace all the slots from the images with their closest centroids from the Kmeans model.
The results look promising, even though the images are not yet looking real-life like.

Generated Original Generated Original

Figure 5.4: Images that create good enough results using our Kmeans approach in order to Generate
new images
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There were some hyper-parameters that needed tuning in the process such as the number
of clusters that we chosen for the segmentation of our slots. At the beginning we chose
around 100 clusters which did not perform well enough. A lot of the generated images
where similar. After a not of testing the best approach was around 4 and 8 thousand
clusters, so that the model can both generalize and also give detailed results in ourimages.

Also since the slots took a lot of memory, we did the clustering in batches. We concluded
in 1024 slots per batch after testing.

For example we can see that we can generate different backgrounds that make sense and
have similarity with our initial images. This approach is very interesting for image editing
as well.

This methodology helps with creating a more explainable version of what our image gen-
eration methodology does.

5.5 Further analysis and experiments

During the testing process of finding the best possible setup, that tries to balance the
trade off between the segmentation and the reconstruction metrics, we conducted multiple
experiments. These varied from adding different modules to our setup to hyper-parameter
tuning. Below we see some comparisons of the major experiments we run.

5.5.1 Encoder fine-tuning

Starting from the pre-trained Mage model, we had the choice of only training the slot
attention module and the Decoder, or also fine-tuning the encoder as well. This proved
to be a very interesting concept, since fine-tuning the encoder came out to be in of the
biggest difference makers.

Model mBO’ | mMBOi(slots) | Reconstruction Loss
Frozen Encoder 29.1 29.3 4.3
Fine-tuned encoder 19 28.7 1

Table 5.2: Evaluation metrics for encoder fine-tuning. The lowest the reconstruction loss, the better
the image reconstruction.

We can see from this experiment that the frozen encoder significantly increases the ca-
pabilities of the model to segment the images, where on the other hand
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5.5.2 Slots vs Hard mask pooling vs Soft mask pooling

There are many ways to generate what we call 'slots’. In Slot Attention, the slots obtained
directly from the module are learned representations that iteratively bind to distinct objects
or parts of a scene, guided by attention maps. When applying soft mask pooling, the atten-
tion maps are continuous values (soft masks) that softly weight the latent space features,
allowing each feature to contribute to multiple slots to varying degrees. In contrast, hard
mask pooling uses binary attention maps (hard masks), where each feature is either fully
assigned to one slot or excluded from others, creating a strict partition of the latent space
without overlap.

Model mBO’ | mMBOf(slots) | Reconstruction Loss
Slots 28 28.4 4.5

Soft mask pooling | 28.3 28.5 4.2

Hard mask pooling | 29.8 30 4.2

Table 5.3: Evaluation metrics for slot methodologies. These results are from the second stage, using
the same model shown at chapter 4, with a frozen encoder

These evaluation metrics clearly show that the hard mask pooling is the better way to
extract our slots. In more experiments it proved its reliability to give stable results.

5.5.3 Spot Decoder Addition on second stage

We experimented with adding another decoder to the second stage of our model. The
Spot decoder is an auto-regressive decoder, whose loss on the second stage was added
to help the model in image segmentation.

Model mBO’ | mMBO‘(slots) | Reconstruction Loss
Second Stage + Spot Decoder | 30 30.1 5
Second Stage 29.8 30 4.2

Table 5.4: Evaluation metrics for the second stage of our model with the added loss of spot Decoder.

We can see from this table that the impact of the extra decoder in not signification in
the segmentation metrics, while it reduces the reconstruction capabilities of the model.
Moreover, it significantly slowed down our model in training times, so we chose to not use
it.
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5.5.4 Stage 2 only

We can compare how the model performed with only the second stage and the spot de-
coder, in comparison to the 2 stage approach that we show in our methodology.ns

Using only the second stage was our initial plan, but because of the higher segmentation
metrics of stage one we chose to use it in order to guide the model to segment the objects
more reliably.

Model mBO! | mMBO° | Reconstruction Loss
Full architecture 29.8 30 4.2
Second Stage only | 27 27.3 4.1

Table 5.5: Evaluation metrics for object segmentation in the COCO Dataset with and without the
second stage of the model
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6. CONCLUSIONS

This project has been an invaluable learning experience, offering useful insights into the
complexities of image synthesis and object-centric image segmentation. Throughout the
process, we developed a better understanding of how these tasks intersect, providing a
roadmap for future research in the area. Although not all objectives were fully met, the
project successfully demonstrated the feasibility of leveraging object-centric learning for
image reconstruction, which, in turn, could pave the way for more advanced models in the
future.

One of the most challenging aspects was balancing high-quality image synthesis with pre-
cise object-centric segmentation. Achieving this coexistence required addressing com-
peting priorities: generating real world images while maintaining accurate object segmen-
tation boundaries. This difficulty was reflected in the evaluation metrics, while our seg-
mentation results did not reach state-of-the-art performance, they still achieved promising
outcomes that highlight the potential of the methods used. Moreover, Vision Transformer
(ViT) models made a significant impact on this project, as their ability to model global rela-
tionships in images early in the network can greatly enhance segmentation performance.

Slot Attention also proved to be highly useful in the context of image segmentation. Its
iterative refinement of object slots allowed for more structured and interpretable represen-
tations, facilitating better segmentation, even in complex scenes. Furthermore, working
with real-world images from the COCO dataset introduced significant challenges, partic-
ularly for image reconstruction. The diverse and cluttered nature of these images made it
difficult to generate realistic reconstructions, adding complexity to the task but also mak-
ing it more engaging and rewarding. In sum, this project has provided valuable takeaways
and has laid a strong foundation for future work in object-centric image synthesis and seg-
mentation.
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ABBREVIATIONS - ACRONYMS

AR Auto Regressive

Al Artificial Intelligence

VIT Vision Transformer

CNN Convolutional Neural Network

RNN Recurrent Neural Network
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APPENDIX A. FIRST APPENDIX

These are a few more of the reconstructed images. They were sampled from the Imagenet
Dataset and are used to train most of the Image Generation models.

V. g 1488 2«
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Figure A.1: Reconstructed images from the Imagenet Dataset.
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Figure A.2: Reconstructed images from the Imagenet Dataset.
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Figure A.3: Reconstructed images from the Imagenet Dataset.
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Figure A.4: Reconstructed images from the Imagenet Dataset.
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