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Visual content generation is a fundamental challenge in computer vision that enables di-
verse applications across domains. The high-dimensional nature of visual data makes it partic-
ularly challenging to achieve both quality and precise control in generation tasks. This thesis
investigates visual generation across varying levels of abstraction, ranging from fundamental
pixel-level ordering to video synthesis, and extending beyond to the unification of perception and
creation within large-scale multimodal systems.

We begin by addressing the foundational challenge of sequentially representing visual data
through Neural Space-filling Curves, a data-driven approach that learns context-aware pixel or-
derings optimized for downstream tasks such as LZW compression. We then explore controlled
image generation through two complementary approaches: Chop & Learn, a framework for com-
positional generation that enables synthesis of novel object-state combinations, and a multimodal
style transfer method that effectively combines guidance from both images and text. For video

generation, we introduce LARP, a novel tokenization approach with a learned autoregressive prior



that achieves state-of-the-art performance while maintaining computational efficiency. Finally,
we present Bridge, a unified framework that equips pre-trained MLLMs with visual generative
capabilities. By utilizing a Mixture-of-Transformers architecture to handle conflicting modali-
ties and a novel semantic-to-pixel discrete representation, Bridge enables high-precision visual
understanding and high-fidelity generation within a single model, effectively closing the loop

between perception and creation.
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Chapter 1: Introduction

Visual content generation sits at the intersection of computer vision, machine learning, and
computational creativity. The core challenge lies in developing systems that can synthesize di-
verse visual content - from images to videos - with high fidelity while maintaining precise control
over the generation process. This task demands innovations across multiple technical dimensions:
architectural design for neural networks, principled approaches to generative modeling, and ef-
fective ways to leverage large-scale visual data. While the field has evolved from constrained
scenarios like digit generation to more complex synthesis tasks, fundamental challenges remain
in achieving both generality and fine-grained control.

Visual content generation exemplifies the challenge of bridging low-level pixel representa-
tions with high-level semantic understanding. While digital images are fundamentally arrays of
pixels, human perception interprets them as coherent scenes with objects, textures, and semantic
meaning. This gap between raw data and semantic interpretation drives the development of gen-
eration approaches that operate at multiple levels of abstraction - from pixel-level manipulations
to semantic-aware synthesis. Foundation models and neural architectures have enabled new ca-
pabilities in this direction, allowing systems to generate images from text, edit visuals through
natural language, and synthesize coherent videos.

This thesis investigates visual content generation across multiple dimensions, exploring
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Figure 1.1: Overview of visual content generation problems addressed in this thesis. (a)
Generating pixel orders. We investigate the generation of optimal space-filling curves (SFCs).
These SFCs determine pixel ordering in images and videos, optimized for specific downstream
tasks. (b) Generating images. We introduce multiple control mechanisms for image generation.
Through our compositional dataset Chop & Learn, we train generative models capable of novel
object-state compositions. Additionally, we enable image style transfer guided by arbitrary num-
ber of multimodal style representations. (c) Generating videos. We bridge the gap between video
tokenization and generation by developing a generation-aware video tokenizer. This is achieved
by incorporating a learned autoregressive generative prior during tokenizer training. (d) Gener-
ating with MLLMs. We introduce Bridge, a unified framework that equips pre-trained MLLMs
with visual generative capabilities. It utilizes a Mixture-of-Transformers architecture to handle
conflicting modalities and a novel semantic-to-pixel discrete visual representation to improve vi-
sual generation fidelity.

challenges of increasing complexity and scope. As illustrated in Figure 1.1, we begin with fun-
damental questions about optimal pixel ordering for downstream tasks, focusing on minimizing
pixel sequence autocorrelation and LZW encoding length for both images and videos. We then
advance to the problem of image generation with controls. First, we address compositional image
generation by developing the Chop & Learn dataset and framework, enabling generative models

to create novel object-state combinations. In the second part, we consider multimodality-guided



image style transfer, presenting a framework that can effectively combine style information from
both images and text to guide generation. Next, we extend our investigation to videos by introduc-
ing a novel tokenization approach with a learned autoregressive prior. This method significantly
improves the quality of generated videos while maintaining computational efficiency. Finally, we
propose research projects regrading generating diverse visual content through various method-
ological approaches.

While images and videos represent the most familiar forms of visual content, fundamental
structures like pixel orders, particularly Space-filling Curves (SFCs), play a crucial role in visual
data processing. SFCs provide continuous scan orders that traverse all spatial locations in two
or higher dimensional signals exactly once, forming a bridge between multi-dimensional visual
data and one-dimensional representations.

Traditional SFCs, such as Hilbert curves and Peano curves, are context-agnostic - they
generate fixed traversal patterns based solely on the dimensions of the space, without considering
the actual content being scanned. While these universal curves have found applications in var-
ious domains from image compression to parallel computing, their inability to adapt to specific
content limits their effectiveness. In Chapter 2, we introduce Neural Space-filling Curves, a data-
driven approach that learns to generate content-aware scanning patterns optimized for specific
downstream tasks.

Through Neural SFCs, we demonstrate how SFCs can benefit from learned approaches.
By formulating SFC generation as a graph-based optimization problem, our method can learn
scanning patterns that minimize objectives such as pixel sequence autocorrelation or LZW com-
pression code length. This adaptive approach not only improves performance on traditional ap-

plications like image compression but also opens new possibilities for content-aware scanning in



domains such as video processing and autoregressive generative modeling.

Then, we turn our attention to a core challenge in image generation: compositional gener-
alization. While recent advances in generative models have demonstrated impressive capabilities
in synthesizing high-quality images, these models often struggle to combine familiar concepts in
novel ways - a capability that humans possess naturally. To study this challenge systematically,
we focus on a specific yet ubiquitous domain: the visual changes that occur when objects are cut
in different styles.

In Chapter 3, we introduce Chop & Learn, a comprehensive benchmark suite designed to
study object compositions and state transformations. The dataset systematically captures 20 dif-
ferent objects undergoing transformation through 8 distinct cutting styles, with each transforma-
tion recorded from multiple viewpoints. This carefully structured data collection enables robust
learning of the relationships between objects and their possible states. Building on this foun-
dation, we develop novel approaches for compositional image generation that can effectively
transfer learned cutting styles across different objects. Our generative models demonstrate the
ability to synthesize realistic visualizations of previously unseen object-state combinations. For
example, after learning the visual patterns of round-sliced apples and baton-cut carrots separately,
our model can successfully generate images of apples cut into batons, despite never encounter-
ing this specific combination during training. These results represent significant progress toward
achieving true compositional generalization in visual generation systems.

We next explore how to enable more flexible control over the generation process through
multiple modalities. While traditional image style transfer methods rely solely on reference im-
ages to define styles, and recent text-based approaches use only natural language descriptions,

real-world creative processes often benefit from combining multiple forms of guidance. In Chap-
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ter 4, we introduce a framework for multimodality-guided image style transfer that can effectively
combine style information from both images and text.

At the core of our approach is a novel cross-modal GAN inversion technique that maps style
information from different modalities into a unified latent space. This enables our framework to
interpret and combine style guidance from multiple sources, whether they are reference images,
text descriptions, or a combination of both. For example, an artist could refine a visual style
by providing both a reference artwork and textual modifications, allowing for more precise and
intuitive control over the generation process.

Our method demonstrates superior performance compared to existing approaches in both
traditional image-guided and text-guided style transfer scenarios. More importantly, it enables
entirely new workflows by supporting cross-modal style interpolation and combination, expand-
ing the creative possibilities available to users while maintaining high-quality output. This work
represents a significant step toward more flexible and intuitive control mechanisms for visual
content generation.

Subsequently, we extend our investigation to video generation, addressing the challenge of
making autoregressive generation of videos more effective and efficient. While autoregressive
models have achieved remarkable success in language modeling and image generation, their ap-
plication to videos has faced significant challenges due to the inherent complexity and temporal
dependencies of video data. To address these challenges, we focus on the two-stage video gen-
eration paradigm, which offers compelling advantages in terms of memory efficiency and com-
putational requirements. This paradigm first learns video tokenizers to compress videos into a
compact latent space, then performs the generation process within this optimized representation.

In Chapter 5, we introduce LARP (Learned AutoRegressive Prior), a novel video tokenizer



specifically designed for autoregressive video generation. By incorporating a learned autoregres-
sive prior during training, LARP creates a latent space that is inherently optimized for subsequent
autoregressive generation, bridging the gap between video compression and generation in a prin-
cipled way.

LARP differentiates itself from traditional video tokenizers through two key innovations.
First, it introduces a holistic tokenization scheme that captures global semantic information rather
than being constrained by local patches. Second, it incorporates a lightweight autoregressive prior
during training, which helps optimize the discrete latent space for subsequent autoregressive
generation. By combining these innovations, LARP achieves state-of-the-art performance in
video generation while maintaining computational efficiency, establishing new benchmarks on
standard datasets like UCF101 and Kinetics-600.

Finally, we culminate our research by addressing the unification of visual understanding
and generation within Multimodal Large Language Models (MLLMs). While recent MLLMs
have achieved remarkable success in visual understanding tasks, they typically lack the ability to
generate visual content, creating a functional divide between understanding and synthesis.

In Chapter 6, we introduce Bridge, a framework specifically designed to grow visual gen-
erative capacity for pre-trained understanding-only MLLMs. Bridge overcomes the challenge
of conflicting objectives between continuous understanding embeddings and discrete generation
tokens. We propose a Mixture-of-Transformers architecture that augments the pre-trained model
with generative capabilities within a single next-token prediction framework. To ensure high
generation fidelity and language alignment, we introduce a novel semantic-to-pixel discrete rep-
resentation that integrates compact semantic tokens with fine-grained pixel tokens. This approach

allows Bridge to achieve competitive performance in both visual understanding and generation
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benchmarks, effectively closing the loop between perceiving and creating visual content.
Through these major contributions, spanning from fundamental pixel order to complex
video and unified multimodal generation, this thesis advances the field’s capability to generate
diverse and high-quality visual content. Each component addresses distinct challenges while
maintaining practical applicability, demonstrating how learned approaches can significantly im-

prove generation across different visual modalities and levels of abstraction.



Chapter 2:  Generating Pixel Orders: Neural Space-filling Curves

2.1 Introduction

In any form of digital communication, information is transmitted via a sequence of discrete
symbols. This includes images and videos, even though they are inherently signals with two
spatial dimensions (2D). The modus operandi for transmitting such signals is to (1) efficiently
encode and quantize their values in the spatial or spectral domain, (2) linearize the signal to a
one-dimensional (1D) sequence by using a standard scanning order such as raster, zig-zag, or
Hilbert Curve order [9], and finally (3) apply a Shannon [10] style entropy coding technique
such as Arithmetic coding [11] or Huffman coding [12] to further compress the 1D sequence.
Given the ubiquity of images and videos in our lives, a large amount of effort has gone into
optimizing each of these steps of digital communication. The focus of this work is the second
step of linearizing the 2D spatial signal to a 1D sequence. A continuous scan order that traverses
all spatial locations in two or higher dimensional signals exactly once is also known as the space-
filling curve (SFC) [13].

Prior works have proposed various space-filling curves (SFCs) in the last hundred years,
most of them context-agnostic, i.e., they are completely defined by the size and dimension of the
space without taking into account spatial information of the space, e.g., pixels in the case of two-

dimensional images. These universal context-agnostic SFCs are typically defined recursively to
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Figure 2.1: Given a set of images, a gif, or a video, Neural Space-filling Curves (SFC) can
provide a more spatially coherent scan order for images as compared to universal scan orders
such as S-curve, or Peano-Hilbert curves. As shown in the example of a trouser and a face, the

scan line tends to cover the background before moving to the foreground. (SFCs generated here
using half-resolution images and resized for clarity. Best viewed in color.)

ensure simplicity and scale. Some of the SFCs also have spatial coherence properties and have
been used in various image-based applications [14—-17].

However, in many applications such as video conferencing, health-care, or social media,
the images being transmitted, are often repetitive with a similar layout and content with minor
variations transmitted over and over again. GIFs are another great example that consists of highly
repetitive content and need to be stored efficiently and often, losslessly. Since universal SFCs do
not utilize the intrinsic information of image content, they are far from optimal for a single image

or a set of images with repetitive structure (refer to fig. 2.1 for an example). Dafner ez al. [18]



proposed SFCs that exploit the inherent correlation between pixel values in an image. Our work

improves upon Dafner et al. , in two aspects.

* Instead of discovering a single SFC for every image independently, we propose a data-
driven technique to find optimal SFCs for a set of images. We postulate that context-based
SFCs are more suitable for linearizing a group of images (or a short video/gif), since the

cost of storing the SFC itself can be amortized by the number of images.

* We devise a novel alternating minimization technique to train an SFC weights generator,

which allows us to optimize for any given objective function, even when not differentiable.

To the best of our knowledge, ours is the first work to propose a machine learning method
for computing context-based SFCs and opens new directions for future research on optimal scan-
ning of 2D and 3D grid-based data structures such as images, videos, and voxels. We demonstrate

both quantitatively and qualitatively the benefit of our approach in various applications.

2.2 Related Work

Space-filling Curves (SFCs), introduced by Peano in 1890 [13] and Hilbert in 1891 [9],
are injective functions that map a line segment to a continuous curve in the unit square, cube,
or hypercube. Most classic SFCs such as Peano-Hilbert, Sierpinski [19], and Moore [20] curves
are defined recursively which allows them to scale up to arbitrary resolution with a number of
favorable properties. In fact, [21] showed that the entropy of this pixel sequence asymptotically
converges to the two-dimensional entropy of the original image for a large number of images

coming from sufficiently random sources. Because of their self-organizing capabilities, Hilbert
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curves have found applications in compression [14—17], computing [22], recognition [23, 24],
security [25], databases [26], electronics [27], biology [28] and even web-comics [29]. Hilbert
curves have also been used to solve multidimensional task allocation problems in parallel pro-
cessing [30]. This scheme is used in many job schedulers, such as the famous SLURM [31].

Dafner et al. [18] proposed the first context-based SFCs. Their work makes use of cover and
merge algorithm [25] to compute SFC for an image. Ouni et al. [32] employ image gradient based
method to compute context-based SFCs, and they apply their SFCs to lossless compression tasks.
Zhou et al. [33] improve Dafner et al. ’s method by considering both data values and location
coherency. They also generalize their method to multiscale data via quadtrees and octrees.

However, computing a unique SFC specific to an image has limited applications. Compres-
sion techniques such as LZW [21] that exploit the correlation between nearby pixel values during
encoding, for example, can do a better job with context-based SFCs, however, the cost of storing
an SFC itself for each image gives away the advantage. Universal SFCs, such as Hilbert curves
don’t have this disadvantage and are frequently used in compression applications. In this work,
we argue that, applications that need to store and transmit images with repetitive structures such
as gifs, can benefit greatly from context-based SFC optimized for that set of images.

Finding an optimal SFC is a combinatorial optimization problem. Solving combinatorial
problems have a rich history in the field of machine learning. In 1985, [34] first attempted
to solve these problems using a neural network. In the deep learning era, various flavors of
attention have been proposed [35-37] to reach an approximate solution of NP-hard problems in
computer science. Since combinatorial optimization problems are inherently non-differentiable,
reinforcement learning (RL) is also a promising alternative for addressing these problems [36—
39]. In our initial experiments, we found the performance of RL approach in our use-case to be
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Figure 2.2: Cover and Merge Algorithm. (a): An 8 x8 image fully covered by 2 x 2 circuits. (b):
The dual graph G’ (black) built on the covering circuits G (blue). (c): The Minimum Spanning
Tree 7 (black solid lines) of G’ (all black lines) and the Hamiltonian Circuit (blue) induced by
T. (d): A single Hamiltonian circuit merged from the covering circuits. See more details in
section 2.3.1.

unstable and inconsistent.

2.3 Approach

We first describe the algorithm for computing SFC for one image as proposed by Dafner et
al. [18] in Section 2.3.1. We then extend this treatment to a more general setting where we can
optimize the SFC for any non-differential objective function for multiple images in Section 2.3.2.
The rest of the Section 2.3 describes major components of our framework and training procedure

in detail.

2.3.1 Overview of Dafner et al. (Single Image-based SFC)

Given an image, [ 18] represents it as an undirected graph G whose nodes are pixel locations,
and each pixel is connected to its 8 neighboring pixels by an edge. Generating a context-based
SEC from the given image is then equivalent to finding a Hamiltonian path in graph G. They use
the cover and merge algorithm (initially proposed by Matias et al. [25] to scramble a video signal

for secure transmission). As the name suggests, the algorithm works by finding a Hamiltonian
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path for the image-grid graph G in two steps - cover and merge.

In the cover step, a dual undirected graph G' is constructed from G. The vertices of G’
are small disjoint square circuits covering the whole of G as shown in Figure 2.2a. Each circuit
covers 4 pixels. We call these initial circuits C1, Cs, ..., Cj, and connect (C;, C;) if the circuits C;
and C; are adjacent in the original graph G. Figure 2.2b shows a dual graph example built for an
8 x 8 image.

In the merge step, all circuits are merged to form a single Hamiltonian circuit. To merge
the circuits optimally, a weight is assigned to each edge (C;, C;) in G’ representing the “cost” of
merging circuits C; and C;. The weight w(C;, C;) of the edge connecting circuits C; and C} is

defined as the cost of exchanging the edges e and f with the edges v and w in the image graph:

w(Ci, C5) = |ul + |w| = le] = 1], 2.1

where | - | corresponds to the absolute difference in pixel values at the two vertices of the edge
in G. A minimum spanning tree 7 is then constructed using these weights. Figure 2.2c shows
what 7 might look like for G'. Next, we start merging circuits that are part of 7. Merging two
circuits corresponds to removing their adjacent edges in G (e.g., edge e and f in Figure 2.2a),
and creating new edges (e.g., edge v and w in Figure 2.2a). Note that only adjacent circuit pairs
can be merged. Given the spanning tree, all merging operations on G can be done in a linear time
to obtain a Hamiltonian circuit as in Figure 2.2d. Finally, the SFC or Hamiltonian path can be

obtained by cutting the circuit at an arbitrary point.
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Figure 2.3: Neural SFC pipeline. The Neural SFC model consists of a weight generator Fg
and a weight evaluator Eg. Taking one or more images as input, Fg extracts the deep features
of the image and generates the SFC weights. Eg takes both the image(s) and the corresponding
SFC weights as input Eg then estimates the negative autocorrelation of the image pixel sequence
inferred by the input weights to evaluate the goodness of the input weights with respect to the
input image. See more details in section 2.3.2.

2.3.2  Neural Space-filling Curves

Dafner’s approach [18] is effective at exploiting the local relationships in an image. How-

ever, it has a few limitations.

 Since the edge weights are computed using only two adjacent pixels, the receptive field
is limited, and the resulting SFC does not take into account the long-range context in the

image.

* Dafner’s approach only works for one image at a time. The notion of context-based SFCs

can be further generalized to finding an SFC for a set of images.

* In the current form, [18] cannot optimize for arbitrary objective functions. The context-
based SFC obtained is closely tied to edge weights defined by Eq. 2.1 which encourage

autocorrelation with lag-2 in the pixel sequence obtained.

We address each of these issues in our data-driven approach to infer an optimal SFC for
a set of images for any objective function. For brevity, we will optimize for lag-k autocorrela-
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tion, however, in our experiments, we will show how we can modify this objective and directly

optimize for a downstream application such as compression.

Setup. For the remainder of this section, we use the following notation. We are given a set of N
images. Each image (color or grayscale) has a resolution of H x W. For a given image I, we
define graph G over its HW pixel locations. The dual graph G’ consists of 2 x 2 disjoint circuits
covering all the vertices of G as defined in the previous section. We first note that the whole cover
and merge algorithm is context-agnostic barring the step where we assign weights to the edges
of the dual graph. Therefore, a context-based SFC can be completely parameterized by these
weights, denoted by W . For a given set of weights of image 7, the merge operation provides
us with a Hamiltonian circuit. A Hamiltonian path, or an SFC, can be obtained by breaking the
merged Hamiltonian circuit at any point. Hence, the problem of finding an SFC can be reduced
to finding the optimal weights Wg:. We propose to learn a neural network, Fg, to approximate
W . Once we have the optimized weights, the merge operation is fast and efficient in terms of

both memory and speed, and we exploit it to get our desired SFC.

2.3.3 Weight Generator

The weight generator Fg is designed to take as input a single image /, and output the edge
weights W of its dual graph, i.e., Wg: = Fg(I). While the input dimension is H x W, the
output Wy, has a size equal to the number of edges in the dual graph G'. It is trivial to show
that for the dual graph G’ consisting of % X % vertices (or circuits), the corresponding number

of edges will be w Further, the edges of G’ do not conform to a 2D grid structure as the
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input image /. To address this, we decompose the weight generator F¢ further in three modules.

W = Fg(I) = Frine © Fpoor © Fene(I). (2.2)

Figure 2.3 shows the architecture of the weight generator. The first submodule is a dual graph
encoder F,., which takes [ as the input and extracts a deep representation of the vertices of dual
graph G', resulting in a % X % x d dimensional output, where d is the number of output feature
maps. In this work, F,. is implemented using a fully convolutional neural network with residual
connections.

The second submodule F,,,; consists of two pooling filters (and no trainable weights) of
dimension 1 x 2 and 2 x 1 applied sequentially. F,,,; imitates the graph operations by aggregating
the features of vertices, and hence forming edge features of G’'. Given a d-dimensional represen-
tation of edges, we want to compute a scalar weight for each edge in G'. It is desirable that this
scalar weight can exploit not only the edge features, but also long-range relationships among the
edges. Hence we construct a Line graph [40] G}, to represent the adjacency between edges of
G'. Each vertex in Gy ;. corresponds to an edge in G'. For every two edges in G’ that have a vertex
in common, there is an edge between their corresponding vertices in Gy .

Using the Line graph, the edge features of G’ becomes the vertex feature of Gy iy, and the
adjacent relations of edges of G’ are represented by edges of Gy ;... To compute the scalar weights
on Gy e, we introduce the third submodule, a weights regressor F| ;. to run on Gy jpe. Fpine can be
implemented using Graph Neural Network modules. In this work, we use GCN [41] in MNIST

experiments and GAT [42] in FFHQ Faces experiments.
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2.3.4 Objective Functions

The weight generator described above can generate edge weights for a given image. For ev-
ery mini-batch of images, we take an expected value of the weights for all the images to get W .
Given W, we can compute an SFC for the mini-batch of images. The quality or ‘goodness’
of an SFC can be different for different applications. In this chapter, we consider two plausible
objectives: the 1D autocorrelation and the LZW sequence length. For both of them, the first step

is to flatten the given image I to the 1D pixel sequence {y;} based on the SFC defined by Wy .

Autocorrelation. The 1D autocorrelation measures the internal local similarity of a 1D sequence.
Therefore, the smaller the 1D autocorrelation is, the better the SFC is. The lag-%£ 1D autocorrela-

tion of a pixel sequence {y;} of length HW is defined as

o = ZZH:‘;V_k YiYi+k
Sy

(2.3)

Code Length. Another SFC quality metric, the LZW sequence length, is inspired from the
Lempel-Ziv Welch (LZW) encoding [43, 44], which is popularly used to encode GIFs losslessly.
Its performance depends on the amount of redundant data in a given sequence. Given a pixel

sequence {y;}, it’s LZW length is defined as

L = length(Encode({y;})), (2.4)

where Encode is the LZW-encoding function, and length measures the length of a sequence.

Note that computing p; or L requires us to first obtain a minimum spanning tree to infer
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the SFC from I and ng, which is a non-differentiable operation. Therefore, these metrics,
by themselves, cannot be directly used to optimize a neural network. Hence we can’t simply
backpropagate gradient information to update Fg.

To overcome the problem of non-differentiability of SFC computation, we train an eval-
uator neural network, Eg, as a differentiable proxy to estimate the resulting autocorrelation of
SFC weights computed by Fg from the context image(s). By carefully designing the training
procedure, our model Eg is able to approximate any non-differentiable metric, hence serving as
an effective loss function of the weight generator. Figure 2.3 summarizes our approach.

Also note that, while we refer to the lag-£ autocorrelation and the LZW length as our
objective functions, we can replace them with any loss (or reward) suitable for a given application,

even if it is not differentiable.

2.3.5 Weight Evaluator

The weight evaluator, denoted by Eg, acts as a differentiable proxy to estimate the objective
®. Depending on the task, we choose ® = —p; for minimizing the negative autocorrelation or
® = L for minimizing LZW length.

Given the average SFC weights W and an image I, we compute

A

(I):Eg(Wg’,[), (2.5)

Ly =E||o - ||, 2.6)

where L denotes the expected value of -2 error between groundtruth lag-£ autocorrelation and

the predicted autocorrelation by Eg computed for the entire batch. Lg serves as the objective
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function for training the evaluator.
The inputs to the weight evaluator Eg are Wg- and I. Similar to section 2.3.3, we again

decompose the weight evaluator Eg into submodules,

A

¢ = Eg (ng, [) = ELine(Wg’ H Epool o Eem:([))a (27)

where || denotes the concatenation along the feature dimension. Following the graph encoding
procedure of the weight generator Fg, E,oo and Eg,. are functionally identical to Fyoo and Fep,
respectively. The final submodule E ;,., which takes similar input to Fy;,., has a different head to
predict the estimated objective value ®. The backbone of ELine 1s also implemented using a GCN
or GAT, followed by an average pooling operation and a simple MLP to predict d asa single

value.

2.3.6 Training

We adopt an alternating optimization procedure for training the core components of our
architecture Fg and Eg. Algorithm 1 gives an overview of the training schema. The weight
evaluator Eg solves the regression task of computing the estimated objective d fora given set of
SFC weights W . Given the context image I and SFC weights W, we can get the groundtruth
objective by first running Prim’s algorithm [45] to get the desired SFC followed by Eq. 2.3 or
Eq. 2.4.

Once we have the groundtruth ®, we optimize a standard L2 loss commonly used in regres-
sion methods to train Eg, as we described in Eq. 2.6. Since we eventually need to use Eg to train

the upstream network F', we would like Eg to be trained on a diverse range of input SFC weights
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Algorithm 1: Training Neural SFC

Data: A set of N imags each of resolution H x W
Result: SFC weights W for the image set

1 Randomly initialize Fg and Eg;
2 repeat

// training Fg

Sample a minibatch of B images;

Forward pass for the weight generator Fg, W¢» < Fg(1);
Expected weights for the mini-batch Wg: + E(Wg>);

Forward pass for the weight evaluator & < Eg(Wg-, I);
SGD update for Fg keeping Eg fixed, Vp E [i)} ;

// training Eg

For each example in B, with a probability p;, get W using Eq. 2.1, with a
probability py, sample Wg: ~ N (0, 1) and with a probability 1 — p; — p», keep
Wg- =Fg(I);

Run a forward pass for the weight evaluator & < Eg(Wg-, );

For the whole batch, compute the ground truth ® using Eq. 2.3 or Eq. 2.4;

SGD update for Eg with Vg, Lg;

until £z — 0;

Wo-.

The Fg can be trained trivially using a fixed Eg. We empirically observed that training

them alternately improves the training dynamics thus boosting the SFC quality.

2.4 Experiments

mized Space-filling Curves (SFC) for a set of images. We further validate the efficacy of the
Neural SFCs on real-world applications such as image or gif compression. We compare with

standard Raster scan and Hilbert curves. Note that even though Raster scan is not an SFC math-

In this section, we evaluate the ability of the proposed training scheme to generate opti-

ematically speaking, we use it for benchmarking in our experiments due to its prevalence.
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2.4.1 Datasets

We trained the Neural SFC model on four different datasets. Both MNIST [46] and
Fashion-MNIST [47] comprise of 60000 training images, and 10000 test images. Each im-
age is a 28 x 28 grayscale image, which we resize to 32 x 32 to do a fair comparison with Hilbert
curves which can be defined only when the image resolution is a power of 2. Resizing is done
by a simple zero padding around the image. We observe a lot of intra-class similarity in the case
of both MNIST and Fashion-MNIST, i.e., the images within the same class are similar in layout
and content to each other, and hence we train a single SFC for each MNIST and Fashion-MNIST
class.

We also consider FFHQ [48] dataset. We downsample all the images to size 32 x 32 using
bilinear interpolation. FFHQ is a dataset of celebrity faces and contains less noise compared to
datasets like CelebA [49]. We split the dataset into 60000 training and 10000 test images. We
train a single SFC for all the images in the data.

Lastly, in order to demonstrate a real-world application of SFCs designed for a set of im-
ages, we use a large-scale GIF dataset TGIF [50]. The dataset consists of 80,000 training gifs,
and 11,360 test gifs. We train a single Neural SFC model that takes a gif as an input and outputs
an optimized SFC for the gif. We evaluate it on every gif in the test dataset. Average numbers

are reported.

2.4.2 Training details

We consider two different objective functions for training Neural SFC. First, in order to

compare our method with Dafner et al. [18], we train our model using the autocorrelation objec-
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tive function. Since Dafner’s method cannot generate SFCs for an image-set trivially, we compute
Dafner’s image-set SFC by taking the expected value of W defined in their method for all the
images in the training set. Another possible choice is to calculate an average image for the entire
image set, then run Dafner’s method on it to generate an image-set SFC. We use the first setting in
all experiments in our main paper because it empirically performs better. In all our experiments,
we set k = 6, such that lag-6 autocorrelation is used to train the weight evaluator Eg.

Second, we also provide quantitative results on the compression of images and gifs using a
Lempel-Ziv encoder (LZW) encoding scheme. Specifically, we optimize the SFC separately for
each gif, although, it is possible to train a large SFC encoder on the entire gif dataset. We leave

the study for evaluating context-based SFC for large- gifs or video datasets for future work.

2.4.3 Qualitative Evaluation

Visualizing the 1D sequence. In Figure 2.4, we show a few examples to illustrate the difference
between Neural SFCs and Hilbert Curve on the MNIST, Fashion-MNIST, and FFHQ images.
We look at the SFC (red curve overlayed on the image of the digits/clothing/faces). While the
Hilbert Curve outputs the same SFC for any 32 x 32 image in the world, Neural SFC optimizes
the SFC for a given set of images. To see this difference, we flatten the SFCs into a 1D sequence
(images on the right of the digits/clothing/faces), and observe that Neural SFCs tend to keep
better long-range spatial coherence than Hilbert Curve. In both cases, Neural SFCs show pixels
in fewer clusters as compared to Hilbert curves. Specifically, Neural SFCs are able to roughly
stay in the bright regions until they all get covered. Therefore, bright pixels will mostly gather

in one contiguous segment in the 1D sequence inferred from a Neural SFC. In contrast, Hilbert

22



Hilbert

Neural

Figure 2.4: Qualitative comparison between Hilbert curves and Neural SFCs. Left: SFC (in red
color) overlayed on the image. Right: Image flattened according to the SFC and visualized in
I-dimension. Images in the top two rows are from MNIST, the ones in the middle two rows are
from Fashion-MNIST, and the ones in the bottom two rows are from FFHQ Faces. Neural SFCs
on images from MNIST and Fashion-MNIST are class-conditional, i.e., computed for each class.
Therefore, for MNIST and Fashion-MNIST, Neural SFCs in the right two columns are the same
since the two images have the same class label. In all datasets, Neural SFCs are more spatially
coherent and produce fewer clusters when visualized in 1-dimension. Best viewed in color.
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curves often result in multiple clusters of contiguous structures in the 1D sequence. We provide

more examples in the supplementary material.

SFCs obtained with different objectives. Fig. 2.5 shows two different SFCs obtained by our
approach when trained with different objective functions. The figure on the left corresponds
to SFC optimized for LZW encoding length, while the figure on the right corresponds to SFC
optimized for auto-correlation. We observe that generally, SFCs optimized for LZW encoding

length are better at short-lag auto-correlation (as compared to SFCs optimized for lag-6 as in
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most of our experiments). This results in an SFC with fewer turns and straighter paths.

LZW Encoding length Autocorrelation

Figure 2.5: We visualize the Neural SFCs training with two objectives considered in this chapter
— autocorrelation and LZW encoding.

10} — NeuralSFC. 10 — Neural SEC. 1.00 -
\ —— Dafner 00 \ —— Dafner \.\
o8 2 —— Hilbert Q \ —— Hilbert @095 \’\-\.__._ 1
é - —— Raster é 0.8 %:\ \:\__\: Raster é \ i\: b\ o
3 06 — 07 Nl e T g0 — —
I3 i - : ——.. ——
g N 5 ~. = £ RN ——
S .. — T Sus ~ S oss o
£ .. — = S S0 — Neural SFC
2 N <05 S < —— Dafner .
0.2 —— \. 0.80 — Hilbert S
—— 04 ~< — Raster T
0 2 4 6 8 10 0 2 4 6 8 10 0 2 4 6 8 10
lag-k lag-k lag-k
(a) MNIST (b) Fashion-MNIST (c) FFHQ 32 x 32

Figure 2.6: lag-k autocorrelation for MNIST, Fashion-MNIST and FFHQ datasets. While Dafner
et al. provide higher autocorrelation for small lag, i.e., from k = 2 to k = 4, Neural SFCs
outperform Dafner et al. for k£ > 4 in all the datasets. Note that we trained our model for & = 6,
and hence this behaviour is expected.

2.4.4 Optimizing Autocorrelation

To quantitatively evaluate the generated SFCs, we plot lag-£ autocorrelations of pixel se-
quences obtained from test sets of three different datasets MNIST, Fashion-MNIST, and FFHQ.

Note that even though, we trained our models only to optimize the lag-6 autocorrelation, we plot

24



them for a range of values of lag-k. From Figure 2.6, we first observe that the trend is somewhat
consistent across multiple datasets, even though they are very different in nature. Neural SFC
performs the same or slightly worse than other SFCs at lower values of k. However, for & > 4,
it outperforms other SFCs by a wider margin. This is intuitive since our model was optimized
to increase the autocorrelation for a large value of lag. This also reflects our model’s ability to
capture long-range and global information. We believe that higher gains can be obtained if we
train and test using the same £ value.

In the second and the third columns of Table 2.1, we show the autocorrelation values for
MNIST, Fashion-MNIST, and FFHQ. We observe that the performance of Dafner’s SFCs is even
worse than the Hilbert Curve in most cases. This indicates that the naive average of several good

SFCs may not be a good way to compute the SFC for a set of images.

2.4.5 Optimizing Code Length

In this section, we study how Neural SFC can improve image compression results. Specif-
ically, we use the LZW length objective to optimize Eg. This means we set & = L in Algorith 1,
where L is defined in Eq. 2.4. We evaluate our model’s performance on all 4 datasets. On
MNIST and Fashion-MNIST, Neural SFC model is trained for each class label. FFHQ has no
labels, therefore all images are used together to learn a Neural SFC. On the TGIF dataset, Neural
SFC model is trained on all gifs but generates a unique SFC for each gif, i.e., all frames in a gif
share the same Neural SFC.

The last column of Table 2.1 shows the average file size required to store an image in the

test data and its relative improvement compared to the Raster scan. Specifically, in the TGIF
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Table 2.1: Comparison of performance of lag-k autocorrelation and LZW Encoding length for
different orders. For autocorrelation, we consistently outperform both the universal and context-
based SFC computation approaches at high values of k. For LZW Encoding length, we measure
the average size per frame in bytes as well as the relative improvement compared to the raster scan
order, in the case of each of the datasets. We consistently outperform compression performance
for other order schemes.

Dataset ~ Method pe T  pioT Sizein bytes (A) |
Raster 0.206 0.102 175.4
MNIST  Hilbert 0.475 0.378 182.7 (+7.3)
Dafner [18] 0.401 0.348 -
Neural SFC (Ours) 0.558 0.451 171.1 (-4.3)
Raster 0.552 0.360 425.8
FMNIST Hilbert 0.723 0.647 427.3(+1.5)
Dafner [18] 0.704 0.627 -
Neural SFC (Ours) 0.786 0.705 412.4 (-13.4)
Raster 0.824 0.775 688.0
FFHQ Hilbert 0.924 0.899 689.6(+1.6)
Dafner [18] 0.901 0.871 -
Neural SFC (Ours) 0.943 0.911 678.3 (-9.7)
Raster - - 563.9
TGIF Hilbert - - 567.0 (+3.1)
Neural SFC (Ours) - - 556.9 (-7.0)

section, the number represents the average size to save a single frame instead of the entire gif
file. It is worth noting that this size does not include the order itself. One order can be shared
by many images, thus the cost of it can be amortized. We observe that the Neural SFC results in
smaller a sequence size on all 4 datasets, showing consistent improvement on the Raster scan or
Hilbert Curve. Interestingly, as compared to the Raster scan, even though Hilbert Curve results in
higher autocorrelation (see Figure 2.6), it is always worse in terms of LZW encoding length. This
finding suggests that there is no simple relation between an order’s autocorrelation performance

and LZW encoding length performance.
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Figure 2.7: Scaling up SFC. The top row (blue circles) shows a 2 x 2 crop of an image grid
of resolution n X n. The bottom row (red circles) shows how we can scale the SFC path from
n X n grid to 2n x 2n grid. For every incoming SFC to a pixel location, there are 3 possible
‘next’ pixels, straight ahead, left, or right. Column 2 and 3 consider the cases where the SFC
goes ‘straight’ or ‘right’. The image on the right shows a toy example of scaling up SFC for a
5 X 5 image.

2.4.6 Scaling up SFC

Although in the current work, we only train Neural SFC models for 32 x 32 images to
demonstrate their effectiveness, there are no theoretical restrictions of our approach for higher
resolution images. It is trivial to either (1) train SFC for higher resolution itself or (2) scale an
SFC computed for a low-resolution image to a high-resolution image, preserving the locality

properties as shown in fig. 2.7.

2.5 Conclusions and Future Work

We propose Neural SFC, the first data-driven approach to finding a context-based SFC for
a set of images. We parameterize the SFCs as a set of weights over a graph defined using an
image grid, and train a neural network to generate the weights. Neural SFC can be trained for
any objective function defined for a set of images, even when not differentiable. We show the

performance of Neural SFC on four real-world datasets on two different objective functions - (1)
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Pixel autocorrelations in the pixel sequences obtained from an image (2) Compressing a set of
images or a short video such as a gif using LZW encoding.

While our work takes the first steps towards finding 1D sequences in 2D data, it opens
up a number of directions for future research such as learning SFC for higher dimensional data
such as 3D objects or in the case when the 2D space is in a latent space instead of pixels (VQ-
VAE [51, 52], dVAE [53]). Applying Neural SFCs to large video compression tasks [54, 55] is
also promising given their success on gifs. We will explore these exciting directions and more in

future work.
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Chapter 3: Generating Images: Exploring Novel Object-State Compositions

3.1 Introduction

Objects often exist in different shapes, colors, and textures in the real-world. These visually
discernible properties of objects, also known as states or attributes, can be inherent to an object
(e.g., color) or be a result of an action (e.g., chopped). Generalization to unseen properties of
objects remains an Achilles heel of current data-driven recognition models (e.g., deep networks)
that assume robust training data available for exhaustive object properties. However, humans
(and even animals) [56, 57] can innately imagine and recognize a large number of objects with
varying properties, by composing a few known objects and their states. This ability to synthesize
and recognize new combinations from finite concepts, called compositional generalization is
often absent in modern deep learning models [58].

Several recent works have been proposed to study composition in terms of the disentan-
glement of objects and the states in images [5, 59-61] as well as videos [62-68]. A few works
have attempted to improve open-world text-to-image generation models [69, 70] for the task of
compositional generation. However, current suite of datasets lacks either granular annotations for
object states or enough data to study how object states evolve under different conditions. There-
fore, measuring the compositional generalizability of these models on different tasks remains an

open challenge.
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Figure 3.1: We present Chop & Learn (ChopNLearn), a new dataset and benchmark suite for
the tasks of Compositional Image Generation and Compositional Action Recognition. It consists
of 1260 video clips and 112 object state combinations captured from multiple viewpoints for
20 objects and 8 cut styles. We also propose two new compositional tasks and benchmarks -
(1) Image Generation: given training images of various objects in various states, the goal is to
generate images of unseen combinations of objects and states. (2) Action Recognition: training
videos are used to recognize objects along with transition from state! — state?, to generalize on
recognizing unseen object-state transitions.

In this chapter, we propose a new dataset, Chop & Learn (ChopNLearn) collected to
support studying compositional generalization, the ability to recognize and generate unseen com-
positions of objects in different states. To focus on the compositional aspect, we limit our study
to a common task in our daily lives — cutting fruits and vegetables. When using different styles
of cutting, these objects undergo different transformations and the resulting states are easily rec-
ognizable by humans. Our goal is to study how these different styles can be applied to a variety
of objects for recognizing unseen object states. More specifically, we select twenty objects and

seven commonly used styles of cuts (plus whole object) which results in object-state pairs with
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different granularity and sizes (Figure 3.1). We collect videos of these objects being from four
different viewpoints, and label different object states in each video. Each style of cut changes the
visual appearance of different objects in different ways. To study and understand object appear-
ance changes, we propose two new benchmark tasks of Compositional Image Generation and
Compositional Action Recognition, with a focus on unseen compositions.

The objective of the first task is to generate an image based on an (object, state) composition
that was not seen during training. As shown in Figure 3.1, during training, a generative model is
provided with images of an (apple, whole)as well as an (orange, round slices). Atthe
test time, the model has to synthesize a new unseen composition (apple, round slices). We
propose to adapt large-scale text-to-image generative models for this task. Specifically, by using
text prompts to represent the object-state composition, we benchmark several existing methods
such as Textual Inversion [70] and DreamBooth [69]. We also propose a new method by intro-
ducing new tokens for objects and states and simultaneously fine-tuning language and diffusion
models. Lastly, we discuss the challenges and limitations of prior works as well as the proposed
generative model with an extensive evaluation.

In the second task, we extend an existing task of Compositional Action Recognition [77].
While the focus of prior work [77] is on long-term activity tracking in videos, we aim to recognize
subtle changes in object states which is a crucial first step for activity recognition. By detecting
the initial state and final object state compositions, our task allows the model to learn unseen
object state changes robustly. We benchmark multiple recent baselines for video tasks on the
ChopNLearn dataset.

Finally, we discuss various other applications and tasks that can use our dataset in image

and video domains. To summarize, our contributions are threefold:
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Table 3.1: Comparison with other video datasets. This table highlights the distribution of the
objects, states and compositions in different datasets. Obj. refers to objects, Comp. is com-
positions of objects and styles, IV refers to the number of compositions that have more than 10
samples, and Styles* refers to grouping of styles: instead of generic names like cut, chop, etc.,
we use 3 distinct styles (chop/dice, peel, grate) as styles. MIT-States' is the only image-based
dataset, the rest are video-based datasets. All these data numbers are for edible objects and cut-
ting style actions from respective datasets. Our dataset has uniform distribution for each metric
in the table, which makes it suitable for learning objects and their states.

Total # of Avg. # of Samples
Datasets g P N #of

Samples Obj. Comp. Styles* /Obj. /Comp. /Style Views

MIT-States™ [71] 1676 27 52
Youcook? [4] 714 160 313
VISOR [3] 301 58 122
COIN [72] 390 6 7
Ego4D [73] 216 12 12
50Salads [74] 904
Changelt [62] 264
CrossTask [75] 1150
Breakfast [76] 1055

4 6207 3223 419 48 1
3 7.3 22 1667 26 1
3 52 25 429 3 1
2 65 55 195 1
3 182 18 545 8 1
6 2 182 152 457 6 1
14 4 463 264 96 14 1
8 2 1643 1437 575 8 1
4 2 351.7 263.8 5275 4 1
8

W 3 0 W

ChopNLearn 1260 20 112 742 11.8 1855 112 4

* We propose a new dataset ChopNLearn, consisting of a large number of images and videos of

diverse object-state compositions with multiple camera views.

* We introduce the task of Compositional Image Generation, which goes beyond the common
conditional image generation benchmarks, and focuses on generating images for unseen object

and state compositions.

* We introduce a new benchmark for the task of Compositional Action Recognition, which aims
at understanding and learning changes in object states over time and across different view-

points.
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Figure 3.2: Left: We show examples of cutting styles from popular video datasets (VI-
SOR [3]: chop and peel potato, Youcook?2 [4]: chop broccoli, peel radish), image dataset (MIT-
states [S]:slice pear, peel orange) and generation pipelines (DALL-E [6]:baton cut apple, half
round slices tomato). Most of these are either too noisy to capture subtle differences in objects
or do not have the granularity of specific cutting styles. Center: Our 4 camera setup captures
videos of one object in 4 different views. Right: We capture 8 styles of object states, which can
be derived in a hierarchical manner from larger to small cuts. Each style is of different shape and
granularity.

3.2 Related Work

Object states or attributes have recently received significant attention for recognition tasks,
in images and videos. Some of the common works and their dissimilarities with the proposed
dataset are mentioned here.

Attributes of Objects. In the image domain, states are often referred to as attributes for Com-
positional Learning of attribute-object pairs. Attributes describe the visual properties of objects,
such as shape, color, structure and texture. The common datasets used are MIT-states [5], UT-
Zappos [59], COCO-attributes [78], CGQA [79] and VAW [80]. All of these datasets consist
of web-scraped images of various types of objects (from furniture to shoes and clothes to food
items), which makes the variety of states very diverse. Most of the prior works [60, 61, 79, 81—
87] focus on attribute-object recognition tasks using compositional learning but do not expand

to image generation tasks due to the diversity in background and attributes. Some works in
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compositional zero-shot learning of attributes show visual disentanglement of attributes from ob-
jects [61, 88], however, they only hallucinate compositions of unseen attribute-object pairs in the
feature space, rather than the image space. Moreover, even newer large vision-language models
such as CLIP [89], DALL-E [6] fail to capture the subtle attributes of objects which are visually
discernible [90, 91]. Therefore, the image generation task for objects with different attributes is
still unexplored, which is a major focus of our work.

States for Action Recognition. Detecting object states and corresponding actions from videos
is explored in supervised [64—67] and self-supervised manners [62, 63, 92]. While some works
focus on recognizing actions using states [64—67], others discover states as the future frames in
the videos in [92, 93]. Some works [62, 63] also detect the exact frames of state 1, state 2 and
the action that causes transition from state 1 — 2. Another recent work (Ego4D [73]) also pro-
poses new tasks like point-of-return state-change prediction for object state transition detection.
Hence, object states so far have been used as a signal for detecting and localizing actions. We
focus on extending this understanding of states to generalize across different objects with limited
seen object-state transition videos.

Compositional Action Recognition. In contrast to randomly assigning samples for training and
testing, [77] presented a new task of Compositional Action Recognition. The premise of this task
is: actions are split based on objects they apply on. During training, only a set of objects are
seen corresponding to set of objects, while during testing, unseen object appear for seen action
labels. Following studies [94-98] used relationship between objects and states bounding boxes to
model the compositional aspect, where the evaluation is performed on how well the composition
of unseen object and state is recognized. We propose a similar task, where videos are trained on

seen compositions and tested on unseen compositions.
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Comparison with existing Datasets. The existing image datasets such as MIT-states [5], UT-
Zappos [59], COCO-attributes [78], CGQA [79] and VAW [80], are not suitable for image gener-
ation tasks for two reasons: 1) there are very few transferable objects and attributes, 2) the images
are web-scraped and very diverse with varied background. Due to this, generative models latch
on background details rather than understanding subtle changes in objects. In video domain, there
have been various video datasets with procedural and kitchen activities that capture object and
state transformations, such as Epic-Kitchens [99] with object and hand bounding box annotation
version VISOR [3], Youcook?2 [4], Ego4D [73], COIN [72], HowTo100M [100], Breakfast [76],
50Salads [74], CrossTask [75] and Changelt [62]. There are a few common problems across
these datasets: (1) Most of these datasets lack annotations for the granularity of cutting styles.
The styles labeled are cut, chop, slice, dice, peel, grate, julienne, which only
comprises of three broader styles of transformations, i.e.chop/dice, peel and grate. (2)
The compositions of different objects and states are highly skewed and similar to image datasets.
Some datasets have a long-tail distribution of objects, which can make it challenging for models
to learn per-object-based states when there is only one sample available in the dataset. And lastly
(3), the frames are noisy with lots of objects and attributes that object states changes are harder
to capture (as shown in left side of Figure 3.2). For most datasets, the ground truth is also not
annotated for object detection, which makes it even harder to look for object of interest. Using an
object detector to remove the background is an option, however with deformable objects, most
Faster-RCNN [101] based object detectors fail to capture the object itself, and latch onto smaller
pieces instead. In Table 3.1, we show statistics of data available in different datasets. The # of
clips from other datasets that has granular annotations of object-state pairs and can be used for

compositional tasks. For instance, COIN [72] has 180 categories with 10000 videos, but clips
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that have cutting styles as labels were only 390. Further, these clips only cover cut/peel actions,
and cannot be categorized further based on granularity and shape of pieces. Our proposed dataset
ChopNLearn is designed to capture various objects and their cut styles, with uniformly distributed

samples for 20 objects and 8 styles (including whole, 7 other cut styles Figure 3.2).

3.3 Chop & Learn

Our main objective with Chop & Learn (ChopNLearn) is to understand and learn granular
object states, specifically styles of cuts which can be applied to diverse variety of objects. With
this in focus, we collect object state transition videos, as well as images of object in various states,

with 4 different camera views (Figure 3.2). We discuss the design choices and motivation below.

3.3.1 Design Choices

Selection of States (styles of cuts). Fruits and vegetables are commonly cut in specific styles
based on the need of the recipes. For instance, for eating an apple, we slice it in relatively large
pieces while for using it in a pie, we might cut smaller or round slices of it. We select 8§ com-
mon styles of cuts, i.e., large cut, small cut, baton, julienne, round slices,
half round slices, peel, and whole for our study. These are the most common styles
of cuts for vegetables and fruits, which do not require any additional training to learn apart from
common kitchen operation and knife handling skills. These styles of cuts can also have similar-
ities with respect to shapes, yet are different in granularity. For example, baton (french-fries
style cut) and julienne are similar in shape (long pieces), but julienne is more finely cut

than baton. Similarly, large cut is a coarser version of small cut, and half round
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Figure 3.3: Statistics for ChopNLearn: We show the number of samples for each object-style
composition in a color-coded manner: orange represents 12 samples, green represents 8 samples
and blue represents 4 samples.
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Figure 3.4: (a) The clip length distribution for one camera (315 unique clips). (b) Preliminary
results of using green screen to augment the dataset with different backgrounds. We continue to
improve the transfer results by adding shadows and background matting.
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slice is one step from round slices (as shown in Figure 3.2). We also have annotated the
states whole and peel, which are the base states of objects.

Selection of Objects. We want to learn to transfer styles of cuts to different objects. To en-
sure consistency in transfer, we also consider the base state, i.e., whole state of objects. For
instance, it is hard to visualize 1arge cut of carrots, if the seen data only includes rounder
objects like oranges. Hence, we consider some fruits and vegetables with similar colors, tex-
tures and shapes to include consistency across visual similarities after chopping. In this study,
we used seasonal fruits and vegetables categorised on the basis on their shapes, colors and tex-
tures: round small objects: [apple, pear, mango, potato, turnip, onion, kiwi], citrus
fruits [Lemon, orange], flower-like textured objects: [cauliflower, broccoli], larger
round objects: [cantaloupe, watermelon], textured from inside objects: [bellpepper,
tomato, persimmon], and long objects: [cucumber, carrot, squash, banana]. This
consists of 10 fruits and 10 vegetable items, with at least one pair of similar objects presents in
the dataset.

Related Groups. One of the key aspects of this dataset is transferability of cut styles to a variety
of objects. We set up some constraints and create related groups for objects and styles. These
related group enable us with structural and visual style transfer abilities. If an object is seen
from related group A with a particular style, we should be able to transfer that style to another
object from the same related group A and vice-versa. In other words, we group sets of objects
and cut styles which are visually similar (based on color, shape and texture) together to create
related groups for objects and states separately. For states, we combine [baton, julienne],
[round slices,half-round slices],and[large cut,small cut]together asre-
lated groups. For objects, we define seven groups with related objects: [apple, pear, mango],
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[Lemon, orange], [cauliflower, broccoli], [cantaloupe, watermelon, kiwi],
[bellpepper, tomato, persimmon], [potato, turnip, onion], and [cucumber, carrot,

squash, bananal.

3.3.2 Data Collection Setup

We collect data using four GoPro cameras [102] positioned at different angles, with three
participants (Figure 3.2). We use a green screen and green chopping board for minimum distrac-
tion in the background, such that the objects and their cut pieces are easily segmented for each
view.

Granularity of styles. For ease and consistency across participants, the size of cut pieces can
be defined as the shape and ratio of one piece with respect to the whole object. For more de-
tails, please refer to the appendix. Given a set of n states and m objects, we can have at most
m X n compositions. However, our dataset does not include some compositions which are not
commonly found in real world. For instance, due to the texture of onions, it is not feasible to
cut onions in baton or julienne style, since the layers of the onion do not stay intact, so
we do not have a sample of [baton, onion].

Video Recording. We primarily collect video data, and derive state change frames from long
videos. Each video consists of 2-3 object states, which are annotated while data collection process
using the highlight features of GoPros. For synchronizing across different cameras, we initially
start with a clapper to make a clap sound for indicating the beginning of the video. Then, we
highlight the frames in one of the GoPro as the first/initial state. The participant then walks up
the object and starts cutting the object. After the object is cut in one style, the participant steps

back and we highlight another frame as the next state. The participant performs at least 2 styles of
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Figure 3.5: Compositional Generation Samples. Ground Truth (GT) real images are shown in
the first row for reference. Seven object-state combinations in the test set are displayed, each
with two generated samples for each method. Please zoom in to see details.

cut in each video, which can be done consecutively. For instance, we can first cut an object with
large cuts, and then do small cuts subsequently. The video ends with another clap for
the end of video detection and synchronization across different cameras. Henceforth, we collect
video data along with annotated states for each participant, without extra effort of annotations.
More details and statistics of dataset are shown in Figure 3.3. Average video clip length (one

state change for an object) is 1m40s. The distribution is shown in Fig. 3.4(a).

3.4 Compositional Image Generation

Large-scale deep generative models [103—-105] trained on open-world big datasets have
made significant breakthroughs in image generation in the last couple of years. These models,
are typically conditioned using a text encoder and also support tasks such as zero-shot image gen-
eration, inpainting, image editing, and super-resolution without explicit training on these tasks.

However, the performance of these models significantly degrades when it comes to composi-
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Table 3.2: Compositional generation evaluation. FID, user scores, and classifier scores of
various generative models. User Realism is on a scale of 1-5. (%) denotes that accuracies are
evaluated on a seen data split. Bold represents the best result.

Method Patch User Classifier Acc. (%) User Acc. (%)
FID | | Realism 1 | Object T State T | Object 1 State 1
Real Images - 4.65 87.5* 92.0* 73.6 84.0
SD 178.0 341 73.1 27.9 81.6 28.8
SD+TI 145.0 2.58 23.6 37.7 21.6 432
DreamBooth | 139.9 3.56 53.5 74.2 61.6 72.8
SD+FT 88.9 3.78 70.5 67.7 72.0 65.6
SD+FT+TI 82.2 3.47 67.8 814 67.2 79.2

tional generation [106]. Our dataset, consisting of 112 real-world object and state combinations,

is well-suited to test the compositional capabilities of generative models.

Task Description. The goal of the task is to either train from scratch or fine-tune an existing
generative model using the (object, state) pairs provided in the training, and generate images
from unseen compositions. We consider all 20 objects, each object captured in up to 7 different
states, i.e., all the states excluding peel. We split the (object, state) combinations into a training
set consisting of 87 combinations and a test set consisting of 25 combinations. The training
set covers all objects and states used in our dataset, but it does not overlap with the test set in
terms of (object, state) combinations. In other words, for each combination of object and state
present in the test set, the training set includes exactly one of either the object, or the state, but
not both. We also ensure that for each (object, state) combination (o, s;) in the test set, there
exists a combination (o, s;) in the training set, where s; and s; belong to the same state related
group defined in Section 3.3.1. This setting ensures that all object and state information are
available in the training set. Each combination in our dataset has 8-12 images, resulting in a total
of 1032 images in the training set and 296 images in the test set. The exact split is provided in

the appendix along with some examples.
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3.4.1 Methods

Stable Diffusion. (SD) We evaluate a popular open-source text-to-image generative model Stable
Diffusion (SD) [103]. For details on the SD, refer to the original work [103]. Here we briefly
describe the sampling process. Diffusion models generate an image from Gaussian noise via an
iterative denoising process. SD uses classifier-free guidance [107] for sampling. This means
given a text prompt ¢, we encode the prompt using CLIP’s text classifier [89] and recursively

update a Gaussian noise sample with

wep(Xs, €) + (1 — w)ep(xy) 3.1

where x; is the denoised sample at the time step ¢ and €y is SD. With each time step, we try to
move the denoised sample using the guidance provided by the text prompt. The strength of the
guidance is defined by w.

As our first baseline approach, we sample zero-shot images from SD with a text prompt
“An image of o; cut in s; style”, where o; is the i’ object and s; is the j state of the object.
Zero-shot generation with a pre-trained SD model doesn’t work as intended as shown in Fig-
ure 3.5, and the generated images often perform poorly in capturing the object state. Several
recent works have shown that it is possible to extend models such as SD to achieve high-quality
customized generations [69, 70, 108]. We evaluate several methods that have been proposed for
compositional generation in the recent literature. We also propose a simple yet strong baseline
by fine-tuning a Stable Diffusion (SD) model [103] along with textual inversion.

SD + Textual Inversion (TI). Textual Inversion [70] introduces new tokens in the vocabulary and
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optimizes their embedding from the given images keeping SD frozen. We adapt the method for
our task by introducing new tokens for the objects {o;} and the states {s;}, and jointly optimize
the embeddings of {0;} U {s;} by providing (image, prompt) pairs from our training data. As
before, the prompt is simply constructed as “An image of o; cut in s; style”.

DreamBooth. Next, we adapt DreamBooth [69], which fine-tunes the diffusion model along
with the state-specific tokens. In our experiments, we fine-tune one model for each state in the
dataset, where only the state token is learned. Original DreamBooth optimizes the diffusion loss
as well as a prior preservation loss [69]. We observed that the latter significantly deteriorates the
performance thus we skip it.

SD + Fine-tuning (FT). We also fine-tune SD. In this baseline, only the parameters in the UNet of
the diffusion model are optimized while keeping the text encoder fixed. SD + TI + FT. Finally, we
combine SD fine-tuning and Textual Inversion [70]. Specifically, on top of our SD + Fine-tuning
baseline, we also adapt Textual Inversion by introducing new object tokens and state tokens and

optimizing their embeddings along with the UNet parameters.

3.4.2 Evaluation

We use both qualitative and quantitative measures to evaluate the capabilities of different meth-
ods. This section explains the details of different evaluation metrics we used:

Patch FID. Fréchet Inception Distance (FID) [109] is a commonly used metric to assess the
quality of generative models. Given a set of real images and a set of generated images, FID
compares the mean and std of Inception-v3 features of the two sets. For each composition and
generative model, we compute patch FID using all real and 16000 generated patches, and report

the average number for the test pairs. We hypothesize that using patch FID gives more weight

43



to the object-state patches, rather than the whole image, which includes almost 50% background
pixels. We further calculate the lower bound for patch FID score by computing it between two
sets of real images. Any score lower than that for this dataset can be disregarded as irrelevant.
The determined lower bound for the patch FID score is 37.2.

Object/State Accuracy using a Classifier. To evaluate the correctness of objects and states
in the generated images, we train a classifier on real images for classifying objects and states
independently. This classifier is built on top of CLIP-ViT-B/32 [89]. Classification logits are
obtained by computing the cosine similarity between the image embedding and text embeddings
of all possible state labels or object labels. To ensure the reliability of the classifier’s results, we
train it on the training set from a different dataset split, where all (object, state) combinations are
present.

User Study. We conducted a user study to evaluate the generated images. We took images from
the test set as well as samples from our generative models and present them to 30 users. Each
user was presented with 25 distinct images, randomly sampled with an even distribution from
our models and the test set. After giving a tutorial to the users about the different objects and
states present in our experiments, the users were asked to choose an appropriate object name and
state label, as well as rate the image for realism on a scale of 1-5. We report the object and state
accuracies as well as realism score in Table 3.2. The details of our user study design can be found

in the appendix.

3.4.3 Results and Discussion

Qualitative Results. fig. 3.5 displays the generated images from various methods for seven

(object, state) combinations in the test set. The first row of the figure exhibits the ground truth

44



Table 3.3: Compositional action recognition results. “Start/End” denote the prediction results
for the initial and the final state composition with the corrected object type. Bold and underline
represent the top-1 and top-2 results.

Split 1 Split 2 Split 3
Start End Start End Start End
Model Features acc@1 acc@3 acc@1 acc@3 acc@] acc@3 acc@] acc@3 acc@] acc@3 acc@1 acc@3
AvgPool 13D [110] 9.5 23.7 4.7 14.2 8.3 21.9 52 19.8 159 285 4.8 22.3
LSTM [111] 13D [110] 142  36.2 5.7 29.8 125 29.2 6.2 26.0 17.5 349 6.3 23.7
Transformer [112] I3D [110] 23.7  49.0 109 443 275 46.2 146 442 20.6 429 11.1 444
AvgPool MIL-NCE [113] 11.1 31.6 4.8 28.4 9.4 17.7 52 13.5 142 414 128 414
LSTM [111] MIL-NCE [113] 159 36.5 6.4 36.6 11.9 36.7 9.8 36.7 189 39.6 8.0 25.4
Transformer [112] MIL-NCE [113] 509 85.7 47.7 762 56.2 823 527 885 41.1 746 429 777
STLT [94] - 2.8 15.5 1.4 8.4 14 13 14 11.6 4.2 14.1 14 11.3
Transformer [112] R3D [114] 45.1 859 52.1 85.9 55.1 942 58.0 92.8 59.1 859 563 859
CAF [94] R3D [114] 535 887 578 88.7 55.1 957 58.0 957 620 930 634 93.0

real images for reference. We observe that vanilla SD often generates correct objects in random
states, while SD+TT frequently synthesizes images without displaying the object. DreamBooth
performs better than SD+T1I, but worse than a simple finetuning of SD. SD+FT and SD+FT+TI
perform well in terms of state generation.

Quantitative Results. Table 3.2 displays the performance of all baseline methods evaluated
according to the metrics outlined in Section 3.4.2. Assessing image realism is a crucial evaluation
metric for generative models; however, defining and measuring it can be challenging. Note that
the patch FID values and user realism ratings do not align well. This is due to the disparity
between the distribution of images in our dataset and that of typical occurrence of those objects
in the real world. The patch FID metric measures the similarity between the generated images
with those in our dataset, instead of the ones most typical in real world. In particular, our results
indicate that SD achieves the worst patch FID score since it has not encountered our dataset
before, whereas its user realism rating is more satisfactory. SD+TI has the lowest user realism
rating and a poor patch FID score, which suggests that only training object/state embeddings is

inadequate for generating high-quality images. DreamBooth receives a good user realism rating
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but a poor patch FID, indicating that the images it generates are realistic but not very similar to
those in our proposed dataset. Finally, fine-tuning via both SD+FT and SD+FT+TI achieve better
results for patch FID and user realism.

We next evaluate the accuracy of objects and states in generated images. It is worth noting
that the classification task on our dataset is intrinsically difficult, which leads to imperfect user ac-
curacy on real images. In general, the accuracy scores from classifier closely align with one from
users, indicating that the proposed classifier is suited for evaluating compositional generation.

Our results show that SD achieves the best object accuracy but the worst state accuracy.
This is possibly due to the lack of state variations in most existing large image datasets. SD+TI
is the worst performer due to its limited learning capacity. On the other hand, DreamBooth,
SD+FT, and SD+FT+TT attain better state accuracy. Among them, DreamBooth’s object accuracy
is slightly worse as it is particularly trained for states. SD+FT achieves high object accuracy,
and SD+FT+TT attains the best state accuracy with the help of fine-tuning and textual inversion
together.

Green Screen Removal. One of the main challenges for understanding fine-grained object-state
pairs with existing datasets such as MIT-states [71] is diverse backgrounds. Using them for train-
ing often leads to the model latching on to unwanted background details and missing out on the
state understanding. Hence, we collected ChopNLearn with a clean green screen background for
the benchmark tasks. While we acknowledge the limitations it poses to our trained models, we
highlight that the green screen can potentially enhance our ability to generalize to diverse scenes.
This can be achieved by segmenting out images and placing various backgrounds, along with
scaled and rotated object-state images (Figure 3.4). As a proof-of-concept, we train a SD+FT+TI

model on background-augmented images, and report the Patch FID, classifier object accuracy
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and state accuracy in table 3.4. Note that here we employ a newly trained classifier that uses
background-augmented images, and the patch FID scores are also computed based on these im-
ages. We further reference the lower bound of the patch FID as defined in Section 3.4.2. Due to
the complex backgrounds introduced, the object accuracy and the patch FID of the new model
are slightly compromised. However, it maintains a high and even improved state accuracy. This
demonstrates the potential of the background-augmented ChopNLearn in enhancing fine-grained

compositional image generation.

Table 3.4: Green screen removal evaluation. Both rows employ the SD+FT+T1 but are trained
using images with varying backgrounds. Classifiers specific to each dataset are trained to assess
Classifier Acc. Validation images used to calculate Patch FID differ between the two rows. Patch
FID Lower Bound is computed by evaluating the patch FID on one-half of the validation images
relative to the other half. For further details, refer to Section 3.4.3.

Data Classifier Acc. (%) , Patch FID | ,  Patch FID
Background | Objectt State 1 Lower Bound
Green Screen 67.8 81.4 82.2 37.2
Various 46.3 82.3 133.6 46.4

3.5 Extension: Compositional Action Recognition

Human actions often change object states and different objects can have diverse visual
transitions even when subjected to the same action type. To investigate this problem in a more
intuitive manner, [77] introduced a new task of compositional action recognition, which targets
at improving the robustness of models to handle the same actions with different objects involved.
For example, given an action of ‘taking something out from something’, the model is trained on a
limited set of objects and is tested on unseen types of objects to access its generalizability. Hence,
despite the same underlying action, the object and visual features can be quite diverse. Similarly,
the composition of the same action with different object types can look very distinctive. For
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instance, although cutting an carrot and a apple require similar knife movements, the result-
ing visual changes are distinct, with the former changing from a whole apple to a peeled
apple, and the latter changing from a whole carrot to a peeled carrot. Therefore, we
propose to use our dataset for the task of compositional action recognition, which can also be
referred to as Compositional Zero-Shot Action Recognition, as the compositions of objects and
states are unseen during training.

Task Description. For this task, we consider each clip of a video as containing a single object
with a single state transition. From the raw videos, which typically contain 2-3 transitions of ob-
ject states per video, we segment the clips into isolated ones with only one transition. Examples
of transitions include changing from a whole object to a peeled object or from a peeled
object to a baton cut object. Similar to [77], we divide all object-final state compositions into
two sets: seen compositions, which are used for training, and unseen compositions, which are
used for testing. Following the approach used in the Compositional Image Generation task, we
ensure that each object and state are seen at least once individually in the training set, but not
together as a composition. The objective of the task is to predict the correct labels for the ini-
tial object-state composition (o;, s;) and the final composition (0;, sx), given a clip containing an
object o; transitioning from an initial state s; to a final state s,. Note that the clip is considered
correctly classified only if both the object and state labels are correct for both the initial and final

compositions.
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3.5.1 Dataset Splits

We create 3 different dataset splits as follows (more details are in the Appendix). All
splits have disjoint train, test and validation samples, and are created with different constraint

combinations:

» Split 1: This split is a random selection of object-final state compositions with cross-view

condition. We do not use any information from related groups.

* Split 2: In this split, we use related group information for states, along with cross-view. based
on related groups, if baton carrots is seen in training set, then julienne carrots
can be part of test set. Since baton and julienne are part of the same related group, we
can learn an object in one style and can generalize to another style from the same group in

Section 3.3.1.

 Split 3: This split includes information from both related groups for states and objects. We
want to ensure that even if an object is not seen in its related group, a similar object is seen in the
related group. For example, if broccoli is seen with large cuts, then cauliflower

with large or small cuts can be in the test set.

Hence different splits represent different complexity levels for compositional action recognition.
Evaluation. We evaluate the accuracy of predicting both the initial and final compositions of
objects and states in the test set. Only when the object and state are both correct, it is counted
as a correct prediction. Specifically, we use two separate prediction heads for objects and states.
We emphasize the need to evaluate composition as a whole, rather than just predicting the state,

as the way an apple is cut can differ significantly from the way a bel lpepper is cut. There-
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fore, accurately recognizing both the object and state is crucial for tasks related to understanding
and generating videos of object states. We also recognize the importance of top@3 accuracy,
since object states can sometimes be visually similar, leading to confusion in detecting the cor-
rect composition. For example, julienne apple can be visually very similar to julienne

potato.

3.5.2 Results

To evaluate our proposed method, we establish baselines using both traditional architec-
tures and features for video action classification, as well as comparing with recent works in com-
positional action recognition. As shown in Table 3.3, in the first section, we use pre-extracted
I3D[110] features and conduct experiments by comparing simple average pooling, LSTM, and
multi-layer Transformer [112] model. It shows that the Transformer model performs the best
among these variants due to the great capacity of temporal modeling ability. In the second
section, we also experiment with more recent pre-trained features MIL-NCE [113] along with
transformer models, which outperforms 13D features. MIL-NCE [113] features are pre-trained
on HowTo100M [100] with multimodal (RGB+narrations) setup, which is more robust for video
downstream tasks.

In the final section of Table 3.3, we employ the state-of-the-art compositional video recognition
model proposed in [94] and use pseudo labels of bounding boxes for each hand and object,
as there are no ground-truth hand and object trajectories available. Specifically, the Spatial-
Temporal Layout Transformer (STLT) [94] takes in the spatio-temporal locations and class labels

for each bounding box as input, uses positional embeddings to project coordinates and class labels
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Learning: orange - large cut — small cut

Figure 3.6: Video parsing graph: For a given video, we use Grad-CAM]7] on the intermediate
frames to identify and visualize the class activation maps corresponding to the most salient states.
Top: A training video clip has one transition of orange from large cut — small cut.
Bottom: We can learn single transitions from training data, to generalize transitions in a long
video with multiple state changes and parse the video as a graph.

into features, and adds transformer layers to model spatial-temporal relationships. However,
without any appearance information, STLT achieves low performance on all metrics. On the
other hand, with the appearance features, which are extracted by inflated 3D ResNet50 [115]
(R3D), it can achieve much higher performances than STLT. Finally, Cross-Attention Fusion
(CAF) applies cross-attention [116] to fuse the layout (STLT) and appearance (R3D) branch
embeddings, achieving the best results. It demonstrates that combining the layout and appearance

information together can help predict object and state types more accurately.

3.6 Discussion

We discuss the potential future use of ChopNLearn, while addressing the limitations and
scope as well.

Long-term Video Parsing. We use compositional state recognition to further understand the
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temporal dynamics [92, 117-119] with the aid of a video parsing graph construction as previously
explored in Ego-Topo [120] and VideoGraph [121]. Each clip in the training set has one state
transformation (top example in Figure 3.6). We visualize the class activation maps corresponding
to the most salient intermediate state transitions with Grad-CAM [7], to learn the transition in
each frame of the video for training data. This is illustrated as a graph for a training video.
Having learned multiple single transformations, we can now extend this knowledge to understand
long activities, with multiple transitions. As shown in fig. 3.6, we can learn state changes for
orange from large cut — small cut using our training clip. Given a long unseen video
with multiple clips, we can construct a state-transition graph to represent changes in state for a
watermelon. Hence, by using an extensive array of videos, the process of learning transitions
between individual states can be extended to encompass transitions between multiple states. This
enables the creation of a self-supervised transition knowledge graph for comprehensive long-term
video comprehension, as demonstrated in [92, 122].

Limitations. With advent of foundation models, few-shot generalization is an increasingly im-
portant task. In this work, we explore the potential of ChopNLearn for the research in composi-
tional generation and recognition for highly complex and interdependent concepts. Admittedly,
ChopNLearn is a small scale dataset with green screen background, which restricts the models
trained on it to have specific biases. Nonetheless, this is the first attempt to understand how fine-
grained states (cut styles) can be transferred to diverse objects. We explore this by using ChopN-
Learn as a test set for larger models, fine-tuning these models using ChopNLearn and trying them
with or without a green screen background. We further see the potential of using ChopNLearn
for benefiting the community in even more challenging tasks such as 3D reconstruction, video

frame interpolation, state change generation, efc..
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3.7 Conclusion

In this chapter, we propose ChopNLearn, a new dataset for measuring the ability of mod-
els to recognize and generate unseen compositions of objects in different states, a skill known
as compositional generalization. We also introduce two tasks, Compositional Image Generation
and Compositional Action Recognition, and benchmark the performance of state-of-the-art gen-
erative models and video recognition methods on these tasks. We show the challenges with the
existing approaches and their failure in some cases in their ability to generalize to new compo-
sitions. However, these two tasks are just the tip of the iceberg. Understanding object states is
important for multiple image and video tasks such as 3D reconstruction, future frame prediction,
video generation, summarization, and parsing of long-term video. We hope that our dataset will
help the computer vision community to propose and learn new compositional tasks for images,

videos, 3D, and beyond.
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Chapter 4:  Generating Images: Style Transfer Meets Multiple Modalities

4.1 Introduction

As a research topic at the intersection of computer vision and art, Image Style Transfer
(IST) aims to apply certain style patterns to a given content image. The seminal work of Gatys et
al. [123] proposed to transfer the style of one image to another content image by optimizing the
pixel values using both style and content losses, inspiring many subsequent works in this field.
To speed up the style transfer process, [124] trained a feed-forward neural network for each style
to transfer it to different contents. Going beyond single style transfer, [125] introduced the idea
of arbitrary style transfer and aimed to transfer arbitrary styles to any content in a single forward
pass. Based on this formulation, [126—133] improved [125] on multiple aspects.

The above-mentioned methods can be classified as Image-guided Image Style Transfer
(1IST). They rely on reference style images, which are not always accessible in real-world scenar-
ios. For example, artists may conceive novel styles that can be easily described via texts but never
exist in previous artworks. Such a dependence on reference style images limits the application of
IIST methods [134].

Recently, based on the large-scale image-text pretrained model CLIP [135], several meth-
ods proposed to edit images purely conditioned on text descriptions, achieving Text-guided Im-

age Style Transfer (TIST) [134, 136—138]. Notably, by training a lightweight U-Net on a single
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"Desert sand"

"Leather"

Figure 4.1: Our multimodality-guided image style transfer results. We show style transfer
results guided by two text styles (left) and two imag styles (right). 15 stylized images are synthe-
sized by evenly interpolating between these four styles.

content image using CLIP loss, CLIPStyler [134] can synthesize stylized images from arbitrary
content images and style text descriptions, setting a state-of-the-art (SOTA) performance on this
task. However, although the styles of transferred images by CLIPStyler are generally consistent
with the corresponding text descriptions, CLIPStyler often adds undesirable local patterns to the
stylized images, distorting the original content severely, as shown in Figure 4.2. This indicates
CLIPStyler fails to disentangle the style and content information from both text and image.

To address these issues, we propose a novel framework to better manipulate images based
on reference style texts. Meanwhile, to offer more flexibility than IIST and TIST methods, our
framework is designed to accept style guidance from multiple sources and modalities, enabling
MultiModality-guided Image Style Transfer (MMIST). The ability to exploit multimodal style
references can be useful in many scenarios. For example, an artist may design new artistic styles
by modifying styles of existing artworks; such modified styles can be easily defined by combining

text descriptions and existing art images, yet are difficult to describe with text or image reference
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only.

To realize MMIST, we propose a novel cross-modal GAN inversion method which gen-
erates diverse style representations according to multi-modal style inputs (e.g., text and image).
Such generated style representations allow us to generalize any IIST methods to tackle the prob-
lem of MMIST. Specifically, we leverage a pretrained GAN model and invert style text descrip-
tions and/or style images into GAN’s latent space to get the corresponding style reference images.
In this process, style-specific CLIP-based guidance is used to connect the domains of text and im-
age. After obtaining the style reference images, we then feed them into an existing IIST approach
which is adapted to take multiple style references as input. To further enhance the quality of styl-
ized images, we propose a novel multi-style boosting strategy which enriches the style patterns.
Similar to learned model parameters, the style representations can be reused at test time, allowing
our method to stylize arbitrary contents in a single forward pass.

We evaluate our framework on 44 style text descriptions and 61 content images, which
result in 2,684 style-content combinations. Both qualitative and user study results clearly show
the improvement of our framework over previous methods on TIST task. Furthermore, extensive
experiments also confirm the effectiveness of our framework on MMIST task and cross-modal
style interpolation.

Our main contributions can be summarized as follows:

* We introduce a more general problem than IIST and TIST, i.e., MultiModality-guided Im-
age Style Transfer (MMIST), and solve it with a novel framework. The proposed frame-
work can transfer styles from arbitrary number of reference images/texts to arbitrary con-

tent, a task which is not feasible for all existing methods to the best of our knowledge.
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Style

"A Baroque
painting”

Figure 4.2: Failure case of CLIPStyler. We show one content and one style text description,
together with the results from CLIPStyler and our method. CLIPStyler adds many small face-like
patterns to the stylized images.

* We propose a novel cross-modal GAN inversion method to distill styles from different

modalities. This inversion procedure also enables our method to interpolate between dif-

ferent styles arbitrarily.

» Extensive experiments and large-scale user studies (5,041 users) confirm the effectiveness

of our model in terms of both qualitative results and user preference.

4.2 Related Work

4.2.1 Image-guided Image Style Transfer

Image-guided Image Style Transfer (IIST) has become a popular research topic since the
seminal work of Gatys et al. [123]. Using a deep feature-based style loss and content loss,
Gatys et al. [123] directly optimized pixel values to obtain decent style transfer results. To
address the slow optimization problem in this method, [124] and several subsequent works [139—
141] proposed to train feed-forward neural networks that can apply the pretrained style to ar-
bitrary images in a single forward pass. Given its success, this idea was further developed by

allowing one single trained model to store multiple styles. For example, [142] used multiple
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convolutional filter banks to explicitly represent multiple styles; [143] proposed conditional in-
stance normalization to achieve the same goal; and [144] introduced a selector structure to support
incremental learning for new styles.

Recently, arbitrary IIST started to attract widespread attention due to its effectiveness, effi-
ciency, and flexibility. [125] proposed AdalN to perform IST by adaptively aligning the mean and
variance of content features with those of style features. With similar motivation, [126—128, 130]
introduce new loss functions or novel mechanisms to improve the style transfer quality. [129]
adaptively performs attentive normalization on a per-point basis. Besides quality, some works
focus on other properties of IST methods, e.g., domain-awareness [145] or brushstroke-level op-

timization [146].

4.2.2 Text-guided Image Manipulation

Text-guided image manipulation aims to manipulate the input image based on a text de-
scription while preserving text-irrelevant parts in the original image. [147] employed a GAN-
based encoder-decoder model to achieve this goal. [148] further introduced a text-adaptive
discriminator to ensure that only text-related regions are modified. By extending GAN-based
text-to-image generators [149—151], Li et al. [152] proposed ManiGAN to manipulate images
in a multi-stage manner. [153] utilized GAN inversion, visual-linguistic similarity learning, and
instance-level optimization to build a unified framework for multimodal image generation and
manipulation with text.

Recently, the success of CLIP [135] in connecting the domains of image and text has in-

spired a new direction to achieve text-guided image manipulation. By modifying the latent space
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of StyleGAN [48, 154, 155] using CLIP guidance, StyleCLIP [136] can perform text-guided ma-
nipulation in three different ways. VQGAN-CLIP [156] achieved the same goal by using CLIP
loss to optimize the latent space of VQGAN [157]. StyleGAN-NADA[138] proposed a direc-
tional CLIP loss to optimize a GAN model instead of the latent space, resulting in more accurate
manipulation effects. More recently, diffusion models [103, 158-160] have been combined with
CLIP to obtain better performance [137, 161].

Most of these works are intended for content or attribute editing. Although some of
them [137, 138] can be applied to style editing or transfer, the quality they can achieve is far
from desirable. By contrast, CLIPStyler [134] is specifically designed to solve the task of TIST,
outperforming all previous image manipulation methods on this task. However, CLIPStyler still
suffers from certain drawbacks, as illustrated in Figure 4.2. Similar to CLIPStyler, [162] pro-
posed to transfer an image’s style conditioned on an artist’s name. In this chapter, we generalize

the tasks of TIST and IIST to MMIST, and solve it under a unified framework.

4.2.3 GAN Inversion

Traditional GAN inversion aims to invert a given image back into the latent space of a
pretrained GAN generator. It emphasizes the accuracy and fidelity of the reconstructed im-
age. GAN inversion can be applied to a wide range of downstream tasks, including image
manipulation [136, 138, 153], image interpolation [163], image generation [153], etc. Learning-
based [164], optimization-based [163], or hybrid [165] methods have been developed to invert a
GAN. All of them use a reconstruction loss such as L, loss or LPIPS loss [166].

In this chapter, we propose cross-modal GAN inversion. Different from traditional methods
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that pursue a perfect reconstruction of the whole input image, our cross-modal GAN inversion
only reconstructs partial information of the input, i.e., style, which is defined by inputs of multiple

modalities such as text and image.

4.3 Method Overview

Given a set of style images {I;}"", and a set of style text descriptions {7} }\%, our frame-
work applies these specified styles to a set of content images {Cz}fici and synthesizes a corre-
sponding set of stylized images {Yl}f\f1 Different from previous image editing methods that
directly optimize the stylized image [134], the latent of the content image [136, 156], or param-
eters of a generative model [137, 138], we train a model for certain styles in a content-agnostic
manner.

Our key insight is that MMIST can be achieved with the aid of style representations that
comply with the input style text descriptions and image patterns. More specifically, we can
generalize IIST methods to leverage such style representations and thereby create stylized images
guided by multiple modalities. To this end, we propose a novel cross-modal GAN inversion
method to map all input multimodal style references into the W+ space [163] of a pretrained
StyleGAN3 [155] generator (3, and thereby generate intermediate style representations {Si}ile
in the image space. As is shown in Figure 4.3, the style representations are images consisting of
style patterns without meaningful contents. The cross-modal GAN inversion ensures that {S; } 'S,
summarizes and combines the style information from all input styles {I;}/, and {T;}}". To
leverage {Si}f\fl, we adapt an existing IIST method to make it compatible with multiple style

inputs. Denote the adapted IIST method by M. We use M to stylize the content images {C@}ZN:C1
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Figure 4.3: The overview of our method. Taking styles from multiple modalities as input, our
method generates style representations using cross-modal GAN inversion. With the adapted IIST
model, our method can apply the cached styles to any unseen content image in a single forward
pass.

with intermediate style representations {S; }*5, producing stylized outputs {Y;}¢ .

Separating style representation generation from stylized image synthesis is the key to the
success of our framework. When performing TIST task, previous methods [134, 137, 156] always
deal with style alignment and content preservation simultaneously, resulting in distorted content

or irrelevant artifacts that appear in the results. In contrast, by leveraging the strong style-content
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disentangling ability of IIST approaches, our method can put the entire focus on style represen-
tation generation for creating high-quality stylized images. Besides, with generated intermediate
style representations, only a single forward pass is needed for our method to apply a learned style

to any unseen content image.

4.4 Cross-modal GAN Inversion

To generate style representations from modalities other than image or text only, we propose
cross-modal GAN inversion. In Table 4.1, we compare it with traditional GAN inversion. The
goal of traditional GAN inversion is to faithfully reconstruct the original input image. Naturally,
this only works for the image modality, and only one image at a time. Since it is targeting pixel-
wise reconstruction, all information from the input image is supposed to be stored in the latent
space of the GAN generator. However, the goal of cross-modal GAN inversion is completely
different. It aims to combine different styles together to generate intermediate style representa-
tions. Therefore, the inversion should be able to accept multiple inputs from different references
and modalities. Besides, only the style components of inputs are required to be inverted as their

content parts are irrelevant to the downstream task.

4.4.1 Style-specific CLIP Loss

We employ CLIP [135] to connect image with other modalities, as well as to extract style
components. However, naively applying CLIP cosine similarity loss does not result in accurate
style representation, since the content components are also entangled in the CLIP embedding

space.
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Table 4.1: Comparison between traditional GAN inversion and cross-modal GAN inversion.
“Ref.” means reference.

Method Ref. Modality Number of Ref. Inversion Target
Traditional Image Only Single Original Image
Cross-modal Multiple Multiple Style

Following [134] and [138], we employ patch-wise CLIP loss to address this problem. For-
mally, denote the pretrained CLIP image encoder by F/; and text encoder by Ep. For each style
text description 7;, we use the text-image patch-wise directional CLIP loss proposed by [134],

ie.,

S = G(w),
{Sj}év;“i’p = aug(crop(S)),

ASj - E](S]) - EI<]src)a (41)

AT = ET(,I‘z) - ET(Tsrc)a

N, crop
1

- Z(l— AST - AT >
Naw 2\~ TASTIIATY)

where w € WT is a vector in StyleGAN3 latent space that we optimize, S is the style repre-

L,

i

sentation generated by G from w. aug(-) is the augmentation function, crop(-) is the patch crop
function, and N is the number of cropped patches. T and I are the source text and source
image used to compute CLIP embedding directions, respectively. For simplicity, 7. is set to be
“a photo” following [134], whereas I is an arbitrary photo-realistic image.

Eq. 4.1 effectively measures the style similarity between the input text 7; and the generated

style S. However, we want our model to handle style inputs from the image modality as well. To
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Algorithm 2: Cross-modal GAN Inversion

Data: A set of style images {I;}",, a set of style text descriptions {7}}\, and
corresponding style weights {a/} M, {aT} N7

Result: The generated style representation S and its corresponding latent w* € W,
Randomly initialize w;
repeat

S +— G(w);
4 | Runaug and crop on S and {I;}"; to obtain {S’ };V:“f", {If}ﬁf{'i",
5 Calculate Ly using Eq. 4.1, Eq. 4.2, and Eq. 4.3;
6 Adam update for w with V., Ly;
7
8

W N =

until Ly, is converged,
return (S, w*);

this end, we propose an image-image patch-wise directional CLIP loss as below:

{IF}.5 = aug(crop(L,)),

AIY = E((If) — Er(Ige), 4.2)

N, crop N, crop

we 2> (- pasmiam)

Cmpjlkl

where I; is the input style image, and ASY is calculated using Eq. 4.1. Specifically, for every
image I; or § involved in the CLIP embedding computation, we first randomly crop a large
number of patches and then augment them. After computing the loss for each patch, we average
them together to obtain the final loss value. By computing the averaged cosine similarity between
each direction pair, Eq. 4.2 accurately estimates the style similarity between the input image I;
and the generated style S.

In the general case where multiple style images {I;}2, and style text descriptions {7} }%

are given, we calculate the style-specific CLIP loss Ly, and solve the following optimization

64



Algorithm 3: Multimodality-guided Style Transfer

Data: Input styles {I WL AT style weights {a!}27,, {aT}%, and a set of content
images {C;} ¢
Result: A set of stylized images {Y;} ¢
if The aggregated feature F' is not cached then
Run Algorithm 2 N times to obtain {S;}5;
{F}5 « My({Si}):
F «+ aggregate({ﬂ}izl)’
end
(Vi3 « M({C}5, F):
return {Y;}5;

N A W N =

e -

problem:

N; Nr
w* = arg min Ly, = arg min E aILI + E aTLT, 4.3)
wew+ wew+ =1 =1

where {a!}}7, and {a} % are the style weights.

4.4.2 Inversion Algorithm

With the style-specific CLIP guidance, it is straightforward to run our cross-modal GAN
inversion algorithm. As shown in Algorithm 2, after initializing w, we repetitively calculate Ly
and use Adam optimizer [167] to update w, until Ly, has converged.

Note that in this algorithm, both {1;}", and {T;}Y" are optional. If only {7}}27 is given,
it degenerates to text-guided style generation, converting our framework to a method for TIST.
Similarly, if only {Z; } !, 1s given, it degenerates into mixing multiple style images, i.e., gener-
ating a mixture of styles represented by multiple input images. When both {I;}, and {T;} "
are provided, cross-modal style interpolation, e.g., interpolating a style between a given text and

a given image, can be naturally achieved by adjusting the style weights {a/}", and {a?} 7.
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Figure 4.4: Comparison with other TIST methods. Our method delivers more accurate styles
than others. Meanwhile, as opposed to other methods which often distort the content or add
unreasonable patterns, content information is greatly preserved in results of our method.

4.5 Multimodality-guided Image Style Transfer

4.5.1 Multi-style Boosting

Due to the internal randomness of GAN inversion, one single intermediate style representa-
tion may not cover all style patterns specified by the input references, impairing the style transfer
quality of final results. To address this problem, we propose a multi-style boosting algorithm.

We aim to enrich the intermediate style representations, while keeping them compatible with the
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adapted IIST model M. Specifically, for each set of style inputs, we run cross-modal GAN inver-
sion multiple times, resulting in a set of style representations {S;} Z-Afl. Then we feed them into M
separately, and aggregate the outputs together to exploit {Si}ile. The aggregation strategy de-
pends on the specific implementation of M. We describe one instance of IM and the aggregation

strategy in the supplementary material.

4.5.2 Style Transfer Algorithm

We detail our style transfer method in Algorithm 3. For brevity, we assume the adapted IIST
model M can be decomposed into a feature extraction network M and a style transfer module
M,, i.e., M(C,S) = M, (C,M;(S)). Similar to Algorithm 2, Algorithm 3 can be used for TIST
by only providing {7;}2%, or MMIST by providing both {I;}", and {7}}. In particular, if
only one 7} is given, our method degenerates to the IIST approach it generalizes since cross-
modal GAN inversion is not necessary in this case. The aggregated style feature F' from each
unique set of input styles can be cached for later use once it is produced. With cached F', when
new content images arrive with the same input styles, only the style transfer part M, needs to be
executed. Since M, is a feed-forward network, our method runs significantly faster than previous

methods [134, 137, 156] that require ad-hoc optimization for each pair of style and content.

4.6 Experiments

We consider three tasks to evaluate our method: (1) TIST; (2) MMIST with one style
image and one style text description; and (3) MMIST with style interpolated from multiple ref-

erences in different modalities. Note that IIST is trivial and unnecessary to consider because our
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Table 4.2: Quantitative user study results on four TIST methods. For each method, we report
the number of positive responses received from raters, as well as its percentage (over 161,040
responses in total). Our method outperforms baselines.

Method Style (%) T Content (%) 1 Overall (%) 1
CLIPStyler 10631 (39.6) 9686 (36.1) 8966 (33.4)
CLIPStyler-F 14626 (54.5) 13453 (50.1) 11776 (43.9)
DiffusionCLIP 9768 (36.4) 7929 (29.5) 7395 (27.6)
Null-text Inversion 7375 (27.5) 16876 (62.8) 7166 (26.7)
InstructPix2Pix 10580 (39.4) 17453 (65.0) 8268 (30.8)
Ours 17151 (63.9) 18061 (67.3) 15125 (56.4)

method degenerates to the IIST approach it includes, as mentioned in Section 4.5.2. We employ
AdaAttN [129] as our adapted IIST method in all our experiments. Please see the supplementary

material for more implementation details.

4.6.1 Comparison with TIST Methods

Qualitative comparison. We conducted a qualitative comparison between our method and
several TIST methods. In this task, style transfer is conditioned on a single text description.
Therefore, we simply set Ny = 1 and N; = 0 in our method. We consider CLIPStyler [134],
CLIPStyler-F [134], DiffusionCLIP [137], Null-text Inversion [168], and InstructPix2Pix [169]
as our baselines. These methods either exclusively focus on this task [134] and achieve state-of-
the-art performance, or treat TIST as one of their practical applications. It is worth noting that
CLIPStyler and CLIPStyler-F are proposed in the same paper, and the latter is an extension of the
former and achieves TIST in a single forward pass for learned style text descriptions. By caching
style representations, the speed of our method is similar to CLIPStyler-F, which is significantly
faster than CLIPStyler and DiffusionCLIP.

Figure 4.4 shows comparison results on 9 content-style pairs. We list the style text descrip-
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tions and the content image in the first and the second rows, respectively. Style transfer results
of different methods are listed in the remaining rows. As is shown, CLIPStyler often breaks
or distorts the original contents (1st and 7th columns). For results generated by DiffusionCLIP,
their styles do not match the corresponding text descriptions well (1st, 2nd, and 7th columns).
In addition, these methods tend to add undesirable local patterns to stylized images (4th and 9th
columns). The absence of an original image caption likely explains why Null-text Inversion’s
outcomes closely mirror the content images, displaying minimal style variations. InstructPix2Pix
sometimes compromises the content (3rd column) or introduces inaccurate styles (2nd and 7th
columns). In contrast, our method delivers more accurate styles while greatly preserving the
content information.

Quantitative user study. We conduct a large-scale quantitative user study to better understand
the performance of our method. We still use CLIPStyler [134], CLIPStyler-F [134], Diffusion-
CLIP [137], Null-text Inversion [168], and InstructPix2Pix [169] as our baselines. We apply
44 distinctive text-described styles to 61 different content images, giving 2,684 stylized images.
For each of them, we ask 10 different raters to evaluate it from three aspects: style consistency,
content preservation, and overall quality. For each aspect, raters are asked if the stylized image
respects the aspect well (positive) or not (negative). In total we obtain 161,040 responses where
each method receives 26,840 responses and each stylized image receives 10 responses. The to-
tal number of raters involved is 5,041. We report the number and the percentage of positive
responses. Table 4.2 shows that our method outperforms all baselines in every aspect. Interest-
ingly, CLIPStyler-F received more positive responses than CLIPStyler, although the former is
designed to be a fast extension in [134]. This user study result is consistent with the qualitative

results shown in Figure 4.4.
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Table 4.3: Speed comparison with other TIST methods. Our method is the fastest. (x) Null-
text Inversion does not need per-style training but has a per content inverison time of 80.7s.

Method Per-style Training Time (s) |  Stylization FPS 1

CLIPStyler 0 0.03

CLIPStyler-F 441 4.40

DiffusionCLIP 1885 0.05

Null-text Inversion * 0.07

InstructPix2Pix 0 0.08

Ours 12.6 6.00
% "A fauvism style "The great wave
Dome RIS emer tmeme e e oG

Hokusai"

Style Image

Content

Figure 4.5: MMIST results. The first and second rows show style text descriptions and style
images, respectively. The first column shows content images. Our method successfully mixes
multimodal styles and applies them to various content images.

Running speed. Our pre-computed style representations enable fast stylization at test time. We
compare speed of our method with other TIST methods in Table 4.3. All methods are under their

fastest setting and run on an RTX A6000.
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4.6.2 MMIST and Cross-modal Style Interpolation

Qualitative results of MMIST with one style image and one style text description. To the
best of our knowledge, MMIST is infeasible for all the existing methods. However, under our
unified framework, it can be easily performed by providing style references from more than one
modality. We first consider the case where input style is specified through one style image and
one style text description. Figure 4.5 shows MMIST results of our method on 8 different text-
image styles and 4 content images. Our method can successfully summarize styles from a pair
of style image and text description, and apply it to various contents. Moreover, contents are
consistently preserved in all stylized images.

Qualitative results of MMIST with style interpolated from multiple references in different
modalities. As mentioned in Section 4.5.2, our method is able to handle arbitrary number of
style inputs from different modalities. To finer control the mixture degree of two or more given
styles, we interpolate the styles with various ratios. This is done by setting different {c/ }fi’l
and {aT}Y . while keeping their summation fixed. Note that under our unified framework,
style interpolation between any number or kinds of modalities can be achieved in the same way.
Figures 4.1 and 4.6 demonstrate the style interpolation results defined by different mixtures of
style images and text descriptions. Our method produces decent and reasonable stylized images.

More results can be found in the supplementary material.

4.6.3 Ablation Study

We investigate a few design choices of our method and quantitatively measure their effects

in practice. To this end, we consider the TIST task. In our experiment, we randomly pair the
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Figure 4.6: MMIST and Style interpolation with four image and text styles. Please zoom in
to see the details.

style text descriptions and content images, and obtain 1,012 pairs for stylized image generation.
For each specific pair, 10 raters are asked to pick their preferred stylized image between the one
generated by a certain design choice and the one generated by our full method. We report the
user preference percentage for all design choices in Table 4.4. In the table, CropSizel128 means
we crop 128 x 128 patches when calculating style-specific CLIP loss. NoCrop means we do not
crop or augment the image, and directly apply the loss. NoAug means we do not apply augmen-
tation to the cropped patches. PatchLoss500 and PatchLoss2500 mean we set of = 500 and
ol = 2500, respectively. NoBoosting means we do not use multi-style boosting when applying

the style to contents. We observe that proper crop size and multi-style boosting are critical to the
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Table 4.4: Ablation study on different design choices. The performance is evaluated through
the user study.

Setting Preference % 1 Setting Preference % 1
CropSizel28 39.5 PatchLoss500 49.9
NoCrop 41.9 PatchLoss2500 48.2
NoAug 479 NoBoosting 34.5

good performance of our method, whereas the effects of augmentation and style weight are rel-
atively minor to our method. Changing the style weight from 500 to 2500 almost does not affect
the performance, indicating that our method is quite robust to this hyperparameter. Qualitative

ablation study results are available in the supplementary material.

4.7 Conclusions and Future Work

In this chapter, we present a unified style transfer framework to transfer styles defined
by multiple modalities. The proposed cross-modal GAN inversion enables our framework to
combine different styles and faithfully transfer them to arbitrary images. Extensive experiments
demonstrate that our method achieves SOTA performance on TIST. In addition, the proposed
method handles the new MMIST problem and cross-modal style interpolation task effectively.

While our work only considers style information from image and text, there is no theoret-
ical restriction on our method to obtain styles from other modalities, e.g., audio. We leave the

exploration of this direction as future work.
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Chapter 5:  Generating Videos: Video Tokenization with Learned Autoregres-

sive Prior

5.1 Introduction

The field of generative modeling has experienced significant advancements, largely driven
by the success of autoregressive (AR) models in the development of large language models
(LLMs) [170-175]. Building on AR transformers [112], these models are considered pivotal
for the future of Al due to their exceptional performance [176, 177], impressive scalability [178—
180], and versatile flexibility [171, 172].

Inspired by the success of LLMs, recent works have begun to employ AR transformers
for visual generation [8, 52, 157, 181-184]. Additionally, several recent developments have
extended LLMs to handle multimodal inputs and outputs [185, 186], further demonstrating the
promising potential of AR models in visual content generation. All of these methods employ a
visual tokenizer to convert continuous visual signals into sequences of discrete tokens, allowing
them to be autoregressively modeled in the same way as natural language is modeled by LLMs.
Typically, a visual tokenizer consists of a visual encoder, a quantization module [1, 181], and a
visual decoder. The generative modeling occurs in the quantized discrete latent space, with the

decoder mapping the generated discrete token sequences back to continuous visual signals. It is
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Figure 5.1: LARP highlights. (a) LARP is a video tokenizer for two-stage video generative models. In
the first stage, LARP tokenizer is trained with a lightweight AR prior model to learn an AR-friendly latent
space. In the second stage, an AR generative model is trained on LARP’s discrete tokens to synthesize
high-fidelity videos. (b) The incorporation of the AR prior model significantly improves the generation
FVD (gFVD) across various token number configurations. (¢) LARP shows a much smaller gap between
its reconstruction FVD (rFVD) and generation FVD (gFVD), indicating the effectiveness of the optimized

latent space it has learned.

evident that the visual tokenizer plays a pivotal role, as it directly influences the quality of the

generated content. Building on this insight, several works have focused on improving the visual

tokenizer [1, 187], making solid progress in enhancing the compression ratio and reconstruction

fidelity of visual tokenization.

Most existing visual tokenizers follow a patchwise tokenization paradigm [1, 8, 157, 181],

where the discrete tokens are quantized from the encoded patches of the original visual inputs.

While these approaches are intuitive for visual data with spatial or spatialtemporal structures,

they restrict the tokenizers’ ability to capture global and holistic representations of the entire

input. This limitation becomes even more pronounced when applied to AR models, which rely

on sequential processing and require locally encoded tokens to be transformed into linear 1D
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sequences. Previous research [157] has demonstrated that the method of flattening these patch
tokens into a sequence is critical to the generation quality of AR models. Although most existing
works adopt a raster scan order for this transformation due to its simplicity, it remains uncertain
whether this is the optimal strategy. In addition, there are no clear guidelines for determining the
most effective flattening order.

On the other hand, although the reconstruction fidelity of a visual tokenizer sets an upper
bound on the generation fidelity of AR models, the factors that determine the gap between them
remain unclear. In fact, higher reconstruction quality has been widely reported to sometimes lead
to worse generation fidelity [188, 189]. This discrepancy highlights the limitations of the com-
monly used reconstruction-focused design of visual tokenizers and underscores the importance
of ensuring desirable properties in the latent space of the tokenizer. However, very few works
have attempted to address this aspect in improving image tokenizers [188, 190], and for video
tokenizers, it has been almost entirely overlooked.

In this chapter, we present LARP, a video tokenizer with a Learned AutoRegressive gen-
erative Prior, designed to address the underexplored challenges identified in previous work.
By leveraging a ViT-style spatialtemporal patchifier [191] and a transformer encoder architec-
ture [112], LARP forms an autoencoder and employs a stochastic vector quantizer [181] to to-
kenize videos into holistic token sequences. Unlike traditional patchwise tokenizers, which di-
rectly encode input patches into discrete tokens, LARP introduces a set of learned queries [192,
193] that are concatenated with the input patch sequences and then encoded into holistic dis-
crete tokens. An illustrative comparison between the patchwise tokenizer and LARP is shown
in Figure 5.2 (a) and the left part of Figure 5.2 (b). By decoupling the direct correspondence
between discrete tokens and input patches, LARP allows for a flexible number of discrete tokens,
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enabling a trade-off between tokenization quality and latent representation length. This design
also empowers LARP to produce more holistic and semantic representations of video content.

To further align LARP’s latent space with AR generative models, we incorporate a lightweight
AR transformer as a prior model. It autoregressively models LARP’s latent space during train-
ing, providing signals to encourage learning a latent space that is well-suited for AR models.
Importantly, the prior model is trained simultaneously with the main modules of LARP , but it is
discarded during inference, adding zero memory or computational overhead to the tokenizer. No-
tably, by combining holistic tokenization with the co-training of the AR prior model, LARP au-
tomatically determines an order for latent discrete tokens in AR generation and optimizes the
tokenizer to perform optimally within that structure. This approach eliminates the need to manu-
ally define a flattening order, which remains an unsolved challenge for traditional tokenizers.

To evaluate the effectiveness of the LARP tokenizer, we train a series of Llama-like [174,
175, 194] autoregressive (AR) generation models. Leveraging the holistic tokens and the learned
AR generative prior, LARP achieves a Frechét Video Distance (FVD) [195] score of 57 on the
UCF101 class-conditional video generation benchmark [196], establishing a new state-of-the-
art among all published video generative models, including proprietary and closed-source ap-

proaches like MAGVIT-v2 [1]. To summarize, our key contributions are listed as follows:

* We present LARP, a novel video tokenizer that enables flexible, holistic tokenization, al-

lowing for more semantic and global video representations.

* LARP features a learned AR generative prior, achieved by co-training an AR prior model,

which effectively aligns LARP’s latent space with the downstream AR generation task.

* LARP significantly improves video generation quality for AR models across varying to-
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ken sequence lengths, achieving state-of-the-art FVD performance on the UCF101 class-
conditional video generation benchmark and outperforming all AR methods on the K600

frame prediction benchmark.

5.2 Related Work

5.2.1 Discrete Visual Tokenization

To enable AR models to generative high resolution visual contents, various discrete vi-
sual tokenization methods have been developed. The seminal work VQ-VAE [52, 181] intro-
duces vector quantization to encode continuous images into discrete tokens, allowing them to be
modeled by PixelCNN [197]. VQGAN [157] improves visual compression rate and perceptual
reconstruction quality by incorporating GAN loss [198] in training the autoencoder. Building
on this, several works focus on improving tokenizer efficiency [199] and enhancing generation
quality [188, 190, 200]. Leveraging the powerful ViT [191] architecture, VIT-VQGAN [201]
improves VQGAN on image generationt tasks.

Inspired by the success of image tokenization, researchers extend VQGAN to videos us-
ing 3D CNNs [183, 202, 203]. C-ViViT [204] employs the temporal-causal ViT architecture to
tokenize videos, while more recent work, MAGVIT-v2 [1], introduces lookup-free quantization,
significantly expanding the size of the quantization codebook. OmniTokenizer [8] unifies image
and video tokenization using the same tokenizer model and weights for both tasks.

It is worth noting that all of the above tokenizers follow the patchwise tokenization paradigm
discussed in Section 5.1, and are therefore constrained by patch-to-token correspondence. Very

recently, a concurrent work [189] proposes a compact tokenization approach for images. How-
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ever, it neither defines a flattening order for the discrete tokens nor introduces any prior or regu-

larization to improve downstream generation performance.

5.2.2 Visual Generation

Visual generation has been a long-standing area of interest in machine learning and com-
puter vision research. The first major breakthrough comes with the rise of Generative Adversarial
Networks (GANSs) [48, 154, 198, 205], known for their intuitive mechanism and fast inference
capabilities. AR methods are also widely applied in visual generation. Early works [197, 206,
207] model pixel sequences autoregressively, but are limited in their ability to synthesize high-
resolution content due to the extreme length of pixel sequences. Recent advancements in visual
tokenization make AR generative models for visual content more practical. While all tokeniz-
ers discussed in Section 5.2.1 are suitable for AR generation, many focus on BERT-style [208]
masked visual generation [209], such as in [1, 189, 203]. Diffusion models [210-212] have
recently emerged to dominate image [160] and video synthesis [213], delivering impressive vi-
sual generation quality. By utilizing VAEs [214] to reduce resolution, latent diffusion mod-

els [103, 215] further scale up, enabling multimodal visual generation [105, 216-218].

5.3 Method

5.3.1 Preliminary

Patchwise Video Tokenization. As discussed in Section 5.1, existing video tokenizers adopt a
patchwise tokenization scheme, where latent tokens are encoded from the spatialtemporal patches

of the input video. Typically, a patchwise video tokenizer consists of an encoder £, a decoder
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denote discrete tokens. (a) Patchwise video tokenizer used in previous works. (b) Left: The
LARP tokenizer tokenizes videos in a holistic scheme, gathering information from the video
using a set of learned queries. Right: The AR prior model, trained with LARP , predicts the
next holistic token, enabling a latent space optimized for AR generation. The AR prior model is
forwarded in two rounds per iteration. The red arrow represents the first round, and the purple
arrows represent the second round. The reconstruction loss L. is omitted for simplicity.

D, and a quantizer Q. Given a video input V € RT*HXWx3 it i5 encoded, quantized, and

reconstructed as:

Z=¢£V), X=02), V=DX), (5.1)

T H W ) ) )

where Z € R7r 7 “7w *? refers to the spatialtemporally downsampled video feature maps with
d latent dimensions per location, X € N7*#'*W" denotes the quantized discrete tokens, and
V is the reconstructed video. fr, fu, fw are the downsampling factors for the spatialtemporal

dimensions 7', H, W, respectively.
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Despite different implementations of the encoder £, decoder D, and quantizer Q, all patch-
wise tokenizers maintain a fixed downsampling factor for each spatialtemporal dimension. The
latent vector Z; ;. € R? at each position is typically the direct output of its spatialtemporally
corresponding input video patch (e.g.same spatialtemporal location in CNNs, or token position
in transformers). While this design is intuitive for 3D signals like video, it limits the discrete
tokens to low-level patch features, hindering their ability to capture higher-level, holistic infor-
mation. Moreover, this formulation introduces the challenge of flattening patch tokens into a
unidirectional sequence, which is critical for AR generation.

Autoregressive Modeling. Given a sequence of discrete tokens * = (z1,z3,...,x,), we can

train a neural network to model the probability distribution py () autoregressively as follows:

p@(m) = Hp9 (xz | Tiyenn 7xi—179)7 (52)
=1

where ¢ denotes the neural network parameters. This model can be conveniently trained by
optimizing the negative log-likelihood (NLL) of py(x). During inference, it iteratively predicts
the next token xz; by sampling from py (z; | z1,...,x;_1,6), based on the previously generated
tokens.

While autoregressive modeling imposes no direct constraints on data modality, it does re-
quire the data to be both discrete and sequential, which necessitates the use of a visual tokenizer

when applied to images or videos.
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5.3.2 Holistic Video Tokenization

Patchify. LARP employs the transformer architecture [112] due to its exceptional performance
and scalability. Following the ViT framework [191], we split the input video into spatialtemporal
patches, and linearly encode each patch into continuous transformer patch embeddings. Formally,

given a video input V € RT*H*W>3 'the video is linearly patchified as follows:

P=7P(V), E =flatten(P), (5.3)

T H W
where P denotes the linear patchify operation, P € R7r ™71 7w 4 is the spatialtemporal patches
projected onto d dimensions, and E € R™*? is the flattened d-dimentional patch embeddings.

Here, fr, fu, fw are the downsampling factors for dimensions 7', H, W, respectively, and m =

w
fw

flT X f% x -— is the total number of tokens. Importantly, the patch embeddings £ remain local in
nature, and therefore cannot be directly used to generate holistic discrete tokens.

Query-based Transformer. To design a holistic video tokenizer, it is crucial to avoid directly
encoding individual patches into discrete tokens. To achieve this, we adapt the philosophy
of [192, 193] to learn a set of fixed input queries to capture the holistic information from the video,
as illustrated in the left section of Figure 5.2 (b). For simplicity, LARP employs a transformer
encoder * architecture, as opposed to the transformer encoder-decoder structure used in [192]. In-
context conditioning is applied to enable information mixing between different patch and query

tokens.

Formally, we define n learnable holistic query embedding Q;, € R"*?, where each embed-

“Here and throughout this paper, “transformer encoder” refers to the specific parallel transformer encoder archi-
tecture defined in [191]
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ding is d-dimensional. These query embeddings are concatenated with the patch embeddings E
along the token dimension. The resulting sequence, now of length (n + m), is then input to the
LARP encoder £ and quantizer Q as follows:

5

where || denotes the concatenation operation, Z is the latent embeddings, and = (z1,...,x,)
denotes the quantized discrete tokens. Note that only Zj., ., i.e.the latent embeddings corre-
sponding to the queries embeddings, are quantized and used. This ensures that each discrete
token x; has equal chance to represent any video patch, eliminating both soft and hard local patch
constraints.

The LARP decoder is also implemented as a transformer encoder neural network. During
the decoding stage, LARP follows a similar approach, utilizing m learnable patch query embed-

dings Qp € R™*4, The decoding process is defined as:

~

Z =Q Yx), V =reshape(D(Qp || Z)1im..), (5.5)

where Q! denotes the de-quantization operation that maps discrete tokens x back to the con-
tinuous latent embeddings Z € R™*?, These embeddings are concatenated with the patch query
embeddings () p, and the combined sequence of length m + n is decoded into a sequence of
continuous vectors. The first m vectors are reshaped to reconstruct the video V e RTXHXWx3,
Crucially, although the latent tokens a are now both holistic and discrete, no specific flat-

tening order is imposed due to the unordered nature of the holistic query set and the parallel
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processing property of the transformer encoder. As a result, & is not immediately suitable for AR
modeling.

Stochastic Vector Quantization. While vector quantization (VQ) [181] has been widely adopted
in previous visual quantizers [157, 183], its deterministic nature limits the tokenizer’s ability to
explore inter-code correlations, resulting less semantically rich codes. To address these limita-
tions, LARP employs a stochastic vector quantization (SVQ) paradigm to implement the quan-
tizer Q. Similar to VQ, SVQ maintains a codebook C' € R<*? which stores ¢ vectors, each
of dimension d’. The optimization objective Lsyq includes a weighted sum of the commitment
loss and the codebook loss, as defined in [181]. The key difference lies in the look-up operation.
While VQ uses an arg min operation to find the closest code by minimizing the distance between
the input vector v € R and all codes in C, SVQ introduces stochasticity in this process. Specif-
ically, SVQ computes the cosine similarities vs. between the input vector v and all code vectors
in C, interprets these similarities as logits, and applies a softmax normalization to obtain the
probabilities p. One index z is then sampled from the resulting multinomial distribution P(x).

Formally, the SVQ process x = Q(v) is defined as:

v - Cl
vs. = ———— p = softmax(vs.), (5.6)
o]l Cll
v~ P(x)=]]p, (5.7)
j=1

where 1 denotes the indicator function. To maintain the differentiability of SVQ, we apply the

straight-through estimator [219]. The de-quantization operation is performed via a straightfor-
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ward index look-up, © = Q~!(x) = C,, similar to the standard VQ process.
Reconstructive Training. Following [157, 183, 203], the reconstructive training loss of LARP,
L., 1s composed of L, reconstruction loss, LPIPS perceptual loss [166], GAN loss [198], and

SVQ loss £SVQ-

5.3.3 Learning an Autoregressive Generative Prior

Continuous Autoregressive Transformer. To better align LARP’s latent space with AR gener-
ative models, we introduce a lightweight AR transformer as a prior model, which provides gra-
dients to push the latent space toward a structure optimized for AR generation. A key challenge
in designing the prior model lies in its discrete nature. Simply applying an AR model to the dis-
crete token sequence would prevent gradients from being back-propagated to the LARP encoder.
Furthermore, unlike the stable discrete latent spaces of fully trained tokenizers, LARP’s latent
space is continuously evolving during training, which can destabilize AR modeling and reduce
the quality of the signals it provides to the encoder. To address these issues, we modify a standard
AR transformer into a continuous AR transformer by redefining its input and output layers, as
depicted in the right section of Figure 5.2 (b).

The input layer of a standard AR transformer is typically an embedding look-up layer. In
the prior model of LARP, this is replaced with a linear projection that takes the de-quantized la-
tents Z as input, ensuring proper gradient flow during training. The output layer of a standard AR
transformer predicts the logits of the next token. While this does not block gradient propagation,
it lacks awareness of the vector values in the codebook, making it unsuitable for the continuously

evolving latent space during training. In contrast, the output layer of LARP’s AR prior model
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makes predictions following the SVQ scheme described in Section 5.3.2. It predicts an estimate
of the next token’s embedding, v € R, which has the same shape as a codebook vectors C;.
Similar to SVQ, the predicted embedding v is used to compute cosine similarities with all code
vectors in C, as described in Equation (5.6). These similarities are then softmax-normalized and
interpreted as probabilities, which are used to compute the negative log-likelihood (NLL) loss
with the input tokens as the ground truth. To predict the next token, a sample is drawn from the
resulting multinomial distribution using Equation (5.7). This output layer design ensures that the
AR prior model remains aware of the continuously evolving codebook, enabling it to make more
accurate predictions and provide more precise signals to effectively train the LARP tokenizer.
Scheduled Sampling. Exposure bias [220] is a well-known challenge in AR modeling. During
training, the model is fed the ground-truth data to predict the next token. However, during infer-
ence, the model must rely on its own previous predictions, which may contain errors, creating
a mismatch between training and inference conditions. While the AR prior model in LARP is
only used during training, it encounters a similar issue: as the codebook evolves, the seman-
tic meaning of discrete tokens can shift, making the input sequence misaligned with the prior
model’s learned representations. To address this problem, we employ the scheduled sampling
technique [221, 222] within the AR prior model of LARP. Specifically, after the first forward
pass of the prior model, we randomly mix the predicted output sequence with the original input
sequence at the token level. This mixed sequence is then fed into the AR prior model for a second
forward pass. The NLL loss is computed for both rounds of predictions and averaged, helping to
reduce exposure bias and ensure more robust training.

Integration. Although the AR prior model functions as a standalone module, it is trained jointly
with the LARP tokenizer in an end-to-end manner. Once the NLL loss L is computed, it is
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Figure 5.3: Scaling LARP tokenizer size and number of tokens.

combined with the reconstructive loss L. to optimize the parameters of both the prior model and

the tokenizer. Formally, the total loss is defined as:

L= £rec + aﬁprior, (58)

where « is the loss weight, and L. is defined in Section 5.3.2. Since « is is typically set to a small
value, we apply a higher learning rate to the parameters of the prior model to ensure effective
learning. Importantly, the prior model is used solely to encourage an AR-friendly discrete latent
space for LARP during training. It is discarded at inference time, meaning it has no effect on the

inference speed or memory footprint.

5.4 Experiments

5.4.1 Setup

Dataset. We conduct video reconstruction and generation experiments using the Kinetics-600

(K600)[223] and UCF-101[196] datasets. In all experiments, we use 16-frame video clips with a
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spatial resolution of 128 x 128 for both training and evaluation following [1, 183, 203].

Implementation Details. LARP first patchifies the input video. In all experiments, the patch
sizes are set to fr = 4, fg = 8, and fyy = 8§, respectively. As a result, a 16x128x 128 video
clip is split into 4x16x16 = 1024 video patches, which are projected into 1024 continuous
patch embeddings in the first layer of LARP. For the SVQ quantizer, we utilize a factorized
codebook with a size of 8192 and a dimension of d’ = 8, following the recommendations of [201].
The softmax normalization in Equation (5.6) is applied with a temperature of 0.03. The AR
prior model in LARP is adapted from a small GPT-2 model [172], consisting of only 21.7M
parameters. Scheduled sampling for the AR prior model employs a linear warm-up for the mixing
rate, starting from 0 and reaching a peak of 0.5 at 30% of the total training steps. We set AR prior
loss weight o = 0.06 in our main experiments, and use a learning rate multiplier of 50.

We employ a Llama-like [174, 175, 194] transformer as our AR generative model. One
class token [cls] and one separator token [sep] are used in the class-conditional generation
task on UCF101 and frame prediction task on K600, respectively.

Frechét Video Distance (FVD) [195] serves as the main evaluation metric for both recon-

struction and generation experiments.

5.4.2 Scaling

To explore the effect of scaling the LARP tokenizer, we begin by varying its size while
keeping the number of latent tokens fixed at 1024. As shown in Figure 5.3 (a), we compare
the reconstruction FVD (rFVD) and generation FVD (gFVD) for three scaled versions of LARP :

LARP-L, LARP-B, and LARP-S, with parameter counts of 173.0M, 116.3M, and 39.8M, respec-
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Method #Params #Tokens rFVD| gFVD|
Tokenizer Generator K600 UCF

Diffusion-based generative models with continuous video tokenizers

VideoFusion [224] - 2B - - - 173
HPDM [225] - 725M - - - 66
 MLM generative models with discrete video tokenizers
MAGVIT-MLM [203] 158M 306M 1024 25 9.9 76
MAGVIT-v2-MLM [1] - 307M 1280 8.6 4.3 58
_ AR generative models with discrete video tokenizers
CogVideo [182] - 9.4B 2065 - 109.2 626
TATS [183] 32M 321M 1024 162 - 332
MAGVIT-AR [203] 158M 306M 1024 25 - 265
MAGVIT-v2-AR [1] - 840M 1280 8.6 - 109
OmniTokenizer [8] 82.2M 650M 1280 42 32.9 191
LARP-L (Ours) 173M 343M 1024 24 6.2 107
LARP-L-Long (Ours) 173M 343M 1024 20 6.2 102
LARP-L-Long (Ours) 173M 632M 1024 20 5.1 57

Table 5.1: Comparison of video generation results. Results are grouped by the type of gener-
ative models. The scores for MAGVIT-AR and MAGVIT-v2-AR are taken from the appendix of
MAGVIT-v2 [1]. LARP-L-Long denotes the LARP-L trained for more epochs. Our best results
are obtained with a larger AR generator.

tively. All results are reported on the UCF-101 dataset. Interestingly, while rFVD consistently
improves as the tokenizer size increases, gFVD saturates when scaling from LARP-B to LARP-
L, suggesting that gFVD can follow a different trend from rFVD. Notably, as shown in Figure 5.1
(c), LARP has already achieved the smallest gap between rFVD and gFVD, further demonstrating
the effectiveness of the optimized latent space it has learned.

One of LARP’s key features is its holistic video tokenization, which supports an arbitrary
number of latent discrete tokens. Intuitively, using more tokens slows down the AR generation
process but improves reconstruction quality. Conversely, using fewer tokens significantly speeds

up the process but may lead to lower reconstruction quality due to the smaller information bot-
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tleneck. To evaluate this trade-off, we use LARP-B and the default AR model, scaling down
the number of latent tokens from 1024 to 512 and 256. The corresponding rFVD and gFVD
results on the UCF-101 dataset are reported in Figure 5.3 (b). It is expected that both rFVD and
gFVD increase when fewer tokens are used to represent a video. However, the rate of degrada-
tion in gFVD slows down when reducing from 512 to 256 tokens compared to rFVD, indicating

improved generative representation efficiency.

5.4.3 Video Generation Comparison

For video generation, we compare LARP with other state-of-the-art published video gener-
ative models, including diffusion-based models, Masked Language Modeling (MLM) methods,
and AR methods. We use the UCF-101 class-conditional generation benchmark and the K600
frame prediction benchmark, where the first 5 frames are provided to predict the next 11 frames
in a 16-frame video clip. As shown in Table 5.1, LARP outperforms all other video generators
on the UCF-101 dataset, setting a new state-of-the-art FVD of 57. Notably, within the family of
AR generative models, LARP significantly surpasses all other AR methods by a large margin on
both the UCF-101 and K600 datasets, including the closed-source MAGVIT-v2-AR [1]. More-
over, the last two rows of Table 5.1 demonstrate that using a larger AR generator can significantly

improve LARP’s generation quality, highlighting the scalability of LARP’s representation.

5.4.4 Visualization

Video Reconstruction. In Figure 5.4, we compare video reconstruction quality of LARP with

OmniTokenizer [8]. LARP consistently outperforms OmniTokenizer, particularly in complex
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Figure 5.4: Video reconstruction comparison with OmniTokenizer [8].

scenes and regions, further validating the rFVD comparison results shown in Table 5.1.

Class-Conditional Video Generation. We present class-conditional video generation results
in Figure 5.5. LARP constructs a discrete latent space that better suited for AR generation, which
enables the synthesis of high-fidelity videos, not only improving the quality of individual frames

but also enhancing overall temporal consistency. Additional results are provided in the appendix.

R

Figure 5.5: Class-conditional video generation results on the UCF-101 dataset using LARP.
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Video Frame Prediction. Video frame prediction results are displayed in Figure 5.6. The vertical
yellow line marks the boundary between the conditioned frames and the predicted frames. We
use 5 frames as input to predict the following 11 frames, forming a 16-frame video clip, which
is temporally downsampled to 8 frames for display. It is evident that LARP effectively predicts

frames with diverse scenes and natural motions. Additional results are provided in the appendix.

N o
e T

Figure 5.6: Video frame prediction results on the K600 dataset using LARP.

5.4.5 Ablation Study

To assess the impact of the different components proposed in Section 5.3, we perform an
ablation study, with results shown in Table 5.2. Clearly, the AR prior model contributes the most
to the exceptional performance of LARP. As further validated in Figure 5.1 (b), the improvement
from using the AR prior model remains consistent across different token numbers. The scheduled

sampling for the AR prior model and the use of SVQ are also critical, as both are closely tied to

Configuration PSNRT LPIPS| rFVD]| gFVD]
LARP-B 27.88  0.0855 31 107
No AR prior model 27.95  0.0830 23 190
No scheduled sampling in AR prior model 27.85 0.0856 27 142
Deterministic quantization 27.65 0.0884 27 149
Small AR prior model loss weight (o« = 0.03) 27.83  0.0866 28 120
No CFG 27.88  0.0855 31 121

Table 5.2: Ablation study. All configurations are modified from LARP-B model.
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the AR prior model’s effectiveness. The loss weight of the AR prior model and the use of CFG
have relatively minor effects on the generative performance. Interestingly, the model without the
AR prior achieves the best reconstruction results but the worst generation results, highlighting
the effectiveness of the AR prior model in enhancing LARP’s discrete latent space for generative

tasks.

5.5 Conclusion and Future Work

In this chapter, we introduce LARP, a novel video tokenizer tailored specifically for au-
toregressive (AR) generative models. By introducing a holistic tokenization scheme with learned
queries, LARP captures more global and semantic video representations, offering greater flexi-
bility in the number of discrete tokens. The integration of a lightweight AR prior model during
training optimizes the latent space for AR generation and defines an optimal token order, sig-
nificantly improving performance in AR tasks. Extensive experiments on video reconstruction,
class-conditional video generation, and video frame prediction demonstrate LARP’s ability to
achieve state-of-the-art FVD scores. The promising results of LARP not only highlight its effi-
cacy in video generation tasks but also suggest its potential for broader applications, including
the development of multimodal large language models (MLLMs) to handle video generation and

understanding in a unified framework.
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Chapter 6: Generating with MLLMs: Growing Visual Generative Capacity for

Pre-Trained Models

6.1 Introduction

Inspired by the success of large language models (LLMs) [170-175], multimodal large
language models (MLLMs) [226, 227] have been developed to jointly process and understand
visual and textual information within a next-token prediction framework. Leveraging pre-trained
visual encoders such as CLIP [135] or SigL.IP [228, 229], existing approaches typically project
the extracted visual features into the latent space of the LLM and fine-tune the model to interpret
visual signals through these embeddings. Despite their success across a wide range of visual
understanding applications, these kinds of MLLMs are not truly “multimodal”, as they can only
understand but not generate visual signals. This limitation not only prevents them from gen-
erating images as desired by users, but also hinders their ability to reason through the visual
modality [230] when tackling more complex multimodal tasks.

To address these limitations, unified MLLMs have been designed to jointly learn visual un-
derstanding and generation within a single system. Broadly, existing unified MLLMs fall into two
categories. Hybrid MLLMs [231-233] represent visual tokens with continuous embeddings and

incorporate generative objectives such as diffusion or flow matching, generating images through
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an iterative refinement process. In contrast, pure autoregressive MLLMs [234-238] rely on dis-
crete visual tokens encoded by vector-quantized (VQ) tokenizers [157, 181] and are trained solely
with negative log-likelihood loss, thereby following a clean next-token prediction paradigm for
both language and vision generation.

Both understanding MLLMs and unified MLLMs are typically initialized from pure lan-
guage LLMs in order to inherit strong linguistic capabilities. However, while unified MLLMs are
functionally a superset of understanding MLLMs, most existing unified MLLMs do not inherit
the visual understanding ability already established in understanding MLLMs. This gap can be
attributed to differences in architectural choices and training objectives. For instance, unified
MLLMs sometimes discard the pre-trained visual encoders [234, 235] used in understanding-
oriented MLLMs, or employ non-autoregressive generative objectives [231, 232, 239] that devi-
ate substantially from the training paradigm of understanding-oriented models.

In this chapter, we propose Bi-modality Routing via Dual-branch Generative Experts (Bridge),
a pure autoregressive unified MLLM that performs both image understanding and generation
through the same next-token prediction framework. Unlike prior unified MLLMs, Bridge is
directly built upon existing understanding-oriented MLLMs, thereby inheriting their strong vi-
sual comprehension capabilities. Crucially, by adopting a dual-branch modeling design, our
approach preserves the inherited model’s visual understanding ability while enabling generative
capacity, ensuring that comprehension is not compromised. This design reduces dependence on
large-scale, high-quality visual understanding datasets, while also decreasing training time and
enhancing overall training efficiency.

To further enhance visual generation quality, we propose a semantic-to-pixel discrete rep-
resentation for images. This representation integrates two complementary levels of tokenization:
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compact, high-level semantic tokens that capture global structure and meaning, and fine-grained
pixel tokens that preserve detailed visual information such as textures and edges. By combining
semantic abstraction with pixel-level precision, our discrete visual representation achieves both
strong alignment with language modeling and accurate reconstruction of visual details. Remark-
ably, this richer representation requires only 7.9% increase in per-image token length compared
to only using pixel tokens, yet it delivers significantly improved generation fidelity across diverse
tasks.

To summarize, our key contributions are as follows:

* We propose Bridge, a pure autoregressive unified MLLM that expands pre-trained MLLMs
with visual generative capacity while strictly preserving their inherited visual understand-
ing ability. This design enables efficient unification of multimodal understanding and gen-

eration under a single next-token prediction framework.

* We introduce a semantic-to-pixel discrete visual representation, which combines compact
high-level semantic tokens with fine-grained pixel tokens. This dual-level representation
provides strong semantic alignment with language models while preserving detailed visual

fidelity, significantly boosting generation quality with minimal increase in sequence length.

* We conduct extensive experiments across multimodal benchmarks, showing that our method
achieves competitive or superior performance in both understanding and generation tasks,
while requiring less training data, shorter training time, and overall improved efficiency

compared to prior unified MLLMs.
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6.2 Related Work

Unified Multimodal Large Language Models. Recent advances in multimodal large language
models (MLLMs) aim to move beyond visual understanding to also support visual generation
within a unified framework. Existing approaches can be broadly divided into two families. The
first employs continuous visual embeddings combined with diffusion or flow-based objectives
for image generation, as in Transfusion [232], BAGEL [231], Show-02 [233], JanusFlow [240],
and ILLUME [241]. While capable of producing high-quality synthesis, these methods break
the clean autoregressive paradigm, thereby complicating training and integration. The second
line of work adopts discrete vision tokens produced by VQ-based tokenizers [157, 181], enabling
unified next-token prediction across both text and image tokens. Within this family, models
such as Emu3 [236], Chameleon [242], and Janus [238, 243] achieve more elegant unification,
but their reliance on pixel-level VQ tokenizers [157, 194] often limits semantic alignment with
language models and weakens visual comprehension [234]. Other variants, such as Tar [234],
UniTok [237], and VILA-U [235], attempt to bridge this gap through semantic quantization, but
still suffer from reduced pixel-level fidelity. A few recent works [244-246] attempt to extend pre-
trained MLLMs with generative capability, yet they heavily depend on external diffusion or flow-
based decoders, and thus cannot be considered truly unified MLLMSs. In contrast, Bridge relies
solely on next-token prediction for image generation, without the need for any external generative

models.
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6.3 Method

In this section, we present the design of our pure autoregressive unified MLLM, Bridge.
We begin with the architecture of Bridge in Section 6.3.1, describing how it is built on top of a
pre-trained understanding MLLM. In Section 6.3.2, we introduce our semantic-to-pixel discrete
visual representation, which enhances visual generation quality significantly. We then detail the

data usage in Section 6.3.3, and finally outline the full training procedure in Section 6.3.4.

Visual Understanding Visual Generation
e mmm o B m o m o —mme o D oo - .
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Figure 6.1: Method overview. Bridge adopts a Mixture-of-Transformers (MoT) architecture
with two experts: a frozen understanding (Und.) expert for text and visual understanding to-
kens, and a newly trained generation (Gen.) expert for visual generation tokens. Both experts
share unified causal attention across all tokens. Visual generation representation are constructed
by concatenating short semantic token sequences with longer pixel token sequences, which are
modeled jointly with text tokens under a unified next-token prediction objective. Semantic tokens
serve as a bridge between text and pixel modalities, substantially improving visual generation
quality.

6.3.1 Architecture

Bridge is built upon a pre-trained decoder-only MLLM. We adopt InternVL3 [247] with
Qwen2.5 [248] model architecture as the backbone, selected for its competitive performance in

both language modeling and visual understanding. To preserve these capabilities, we keep a

98



complete copy of the InternVL3 model, including its continuous vision encoder, frozen within
Bridge. This ensures that the strong language modeling and visual understanding ability of the
underlying MLLM remains intact.

To endow the model with visual generation capacity, we introduce additional trainable
modules. Unlike prior works such as MetaQueries [245] or Qwen-Image [249], which treat the
MLLM as a frozen text encoder and rely on external diffusion transformers [212, 250] for image
synthesis, our goal is to construct a unified MLLM capable of both understanding and generating
multimodal information entirely within the next-token prediction paradigm.

To achieve this, we leverage a Mixture-of-Transformers (MoT) design [231, 251, 252], as
illustrated in Figure 6.1. Specifically, we copy the LLM backbone to create a generation expert
and combine it with the frozen understanding expert. In contrast to Mixture-of-Experts (MoE)
architectures, where only the feed-forward networks differ across experts, both the understanding
and generation experts in Bridge are implemented as complete transformer blocks with separate
parameter sets. The two experts interact at every attention layer, where their tokens are con-
catenated and processed jointly using standard causal masking, enabling seamless integration of
understanding and generation within a unified autoregressive framework.

Hard routing is employed to dispatch tokens between the two experts. Text tokens are
passed directly into the understanding expert. Images for understanding tasks are first encoded
by the continuous vision encoder inherited from the backbone MLLM and then fed into the
understanding expert. In contrast, image generation tokens are routed to the generation expert.
During training, ground-truth images are converted into discrete visual tokens and provided to
the generation expert for loss computation. At inference, the generation expert autoregressively
predicts each discrete visual token, which is then fed back into the same expert to generate the
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next token.

6.3.2 Semantic-to-pixel Discrete Visual Representation

A central challenge in pure autoregressive unified MLLMs lies in designing effective visual
representations for generation. Most existing approaches [236, 238, 242, 243] rely on pixel-level
tokens produced by VQGANSs [157]. While these tokens capture fine-grained details, their heavy
focus on low-level reconstruction makes them poorly aligned with language tokens, often leading
to suboptimal image generation quality. In contrast, semantic-level tokens [234, 235], which
are encoded by text-aligned visual encoders, exhibit strong alignment with language but lack
sufficient precision for representing detailed visual content.

To combine the strengths of both representations, Bridge adopts a semantic-to-pixel dis-
crete visual representation. Each image is represented as a sequence that begins with semantic

tokens and is followed by pixel tokens:
<BOI> <SEMy> <SEM;> ... <PIXg> <PIX;>...<EOI>,

where <BOI> and <EOI> denote special tokens marking the beginning and end of an image,
<SEM;> represents the i-th semantic token, and <P IX;> represents the i-th pixel token.

The semantic tokens, placed at the front of the sequence, provide high-level structure and
holistic information about the image. Their strong alignment with language tokens makes them
easier to generate and helps bridge the modality gap. The subsequent pixel tokens supply fine-
grained details necessary for accurate reconstruction. Although pixel tokens alone remain dif-
ficult to be modeled, the presence of preceding semantic tokens reduces this difficulty, aligning

the entire sequence more effectively with text and thereby improving generation quality. This
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design is conceptually similar to the Chain-of-Thought (CoT) mechanism [2] in LLMs, where
intermediate reasoning steps improve the final result.

Concretely, we employ TA-Tok [234] as the semantic encoder and LlamaGen-VQGAN [194]
as the pixel encoder. Instead of using TA-Tok’s de-tokenizer, we rely solely on the LlamaGen-
VQGAN de-tokenizer to reconstruct images from the generated pixel tokens. Importantly, we
find that a short, coarse semantic sequence is sufficient to capture holistic image semantics and
connect text and pixel tokens. Thus, we use 3x spatially downsampled semantic tokens from
TA-Tok, resulting in 81 semantic tokens. When combined with 1024 pixel tokens for represent-
ing 512 x 512 images, this increases the total token length by less than 10%, while yielding

significantly improved visual generation fidelity, as demonstrated in Section 6.4.2.

6.3.3 Data Curation

Our training data consists of image-to-text, text-to-image and interleaved multimodal datasets.
Among them, our main goal is to collect and filter large-scale high-quality data for visual gen-
eration tasks. (1) Filtering and recaptioning. We first apply the aesthetic score and resolution
filtering to the webdataset LAION-5B [253], where images with an aesthetic score >5 and reso-
lution >512px will be preserved. Then we leverage open-sourced VLMs [247, 254] to generate
more accurate captions for these images. To enhance the model’s generation capability on text
rendering and human face, we also apply text and human face detection pipeline to curate a
subset. (2) Synthetic Images. To further improve the model’s generation quality, we collect
open-sourced datasets generated by GPT-4o0-Image [239, 255-257] and FLUX [234]. Besides,

we also leverage Seedream 3.0 [258] to curate million scale text-to-image datasets using prompts
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from other datasets [259, 260] and users [261, 262].

6.3.4 Training Procedure

Since Bridge represents images entirely with discrete tokens, we train it using a unified
negative log-likelihood loss across all modalities. This formulation allows text and image tokens
to be modeled consistently under the same autoregressive objective. To fully exploit diverse
multimodal data, we adopt a multi-stage training procedure inspired by prior LLMs and MLLMs.

Below, we describe the details of each stage.

Stage 1: Unified Multimodal Pre-training. The objective of this stage is to establish robust
multimodal generation capability. We pre-train Bridge on large-scale heterogeneous datasets that
include text-to-image pairs [253], interleaved multimodal documents [263, 264], and a small
proportion of image-to-text data [265, 266]. During this stage, all input images, including those
from image-to-text samples, are routed through the newly introduced generation encoder and
processed by the generation expert. In the latter case, textual outputs are still produced by the
frozen understanding expert but are conditioned on latent representations provided by the gener-
ation expert. This setup encourages the generation expert to learn rich and discriminative visual
features, thereby improving downstream tasks that require image-conditioned generation, such as
image editing and inpainting. The full pre-training stage uses 410M text-to-image pairs for visual
generation, 5S7M image-to-text pairs for visual understanding, and 29M interleaved multimodal

samples.

Stage 2: Continued Pre-training. In this stage, we focus on further enhancing the visual gener-

ation ability of Bridge by training on high-quality text-to-image datasets [234, 253]. Compared

102



Text to Image Generation

[—

ey <\

Style Change Object Remove Object Add Object Replace Color Change

[ > '

Image Edit

Figure 6.2: Qualitative Results on text-to-image generation and image editing tasks.

to the large but diverse corpus used in Stage 1, this data has higher aesthetic quality and includes
more challenging cases, such as images with OCR contents or human faces. This stage exposes
the model to approximately 60M multimodal examples (partially filtered from the pre-training
corpus), enabling it to refine generation quality while improving robustness on visually complex

and semantically demanding scenarios.

Stage 3: Supervised Fine-tuning. The supervised fine-tuning (SFT) stage uses the small-

est amount of data, but of the highest quality. We leverage carefully curated text-to-image
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Table 6.1: Quantitative Results on Visual Understanding Benchmarks. Models without a
specified base (M)LLM are trained from scratch. A dash (-) is used when the corresponding
value was not provided in the original work.

Model Base (M)LLM POPEt MME-Pt MME-Ct MMBT SEEDtT MMMU?{
Understanding Only Models

LLaVA-v1.5 Vicuna-7B 85.9 1511 - 64.3 58.6 35.4
Qwen-VL Qwen-7B - 1488 - 60.6 58.2 -
LLaVA-NeXT  Vicuna-7B 86.5 1519 - 67.4 64.7 35.1
DeepSeek-VL ~ DeepSeek-7B 88.1 - - 73.2 70.4 36.6
LLaVA-OV Qwen2-7B 87.2 1580 418 80.8 75.4 48.8
Unified Models

ILLUME Vicuna-7B 88.5 1445 - 65.1 72.9 38.2
Chameleon - - - - - - 22.4
LWM LLaMA2-7B 75.2 - - - - -
Emu3 - 85.2 - - 58.5 68.2 31.6
Liquid GEMMA-7B 81.1 1119 - - - -
UniTok LLaMA2-7B 83.2 1448 - - - -
VILA-U LLaMA2-7B 85.8 1402 - - 59.0 -
Janus-Pro DeepSeek-7B 87.4 1567 260 79.2 72.1 41.0
TokenFlow-XL  Qwen-2.5-14B 87.8 1551 371 76.8 72.6 432
MetaMorph LLaMA-3.1-8B - - - 75.2 71.8 41.8
Tar Qwen2.5-7B 87.8 1571 355 74.4 73.0 39.0
Show-02 Qwen2.5-7B - 1621 - 79.3 69.8 48.9
BAGEL Qwen2.5-7B - 1687 - 85.0 - 553
LMFusion LLaVA-NeXT-8B - 1604 - 72.1 72.5 41.7
MetaQuery-XL. LLaVA-NeXT-8B - 1685 - 83.5 76.9 58.6
UniWorld-V1 Qwen2.5-VL-7B - - - 83.5 - 58.6
BLIP3-0 Qwen2.5VL-7B - 1683 647 83.5 71.5 50.6
Bridge (Ours) InternVL3-8B 88.4 1730 677 84.4 77.4 57.4

datasets [239, 255, 256, 259-262] and instructional image editing data [246, 257, 267, 268] to
align the model’s outputs with human preferences. In total, this stage involves approximately
28M training samples, providing precise guidance for controllable and instruction-following gen-

eration.

6.4 Experiments

In all experiments, we use InternVL3-8B [247] as the base MLLM. Our semantic-to-pixel
discrete representation is built upon two components: the visual encoder of TA-Tok [234] for

semantic tokens and LlamaGen-VQGAN [194] for pixel tokens. The TA-Tok encoder takes
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Table 6.2: Quantitative Results on Text-to-image Generation Benchmarks. { refers to the
methods using prompt augmentation, e.g., LLM rewriter or self-CoT [2]. A dash (-) is used
when the corresponding value was not provided in the original work.

DPG Bench GenEval WISE

Method

Entity Relation Overallf Two Obj. Color Attr.  Overallf Time Space Overallf
Generation Only Model
SDXL 82.43 86.76 74.65 0.74 0.23 0.55 0.48 0.47 0.43
Playground v2.5 82.59 84.08 75.47 - - - 0.58 0.55 0.49
Hunyuan DiT 80.59 74.36 78.87 - - - - - -
DALLE3 89.61 90.58 83.50 0.87 0.45 0.67 - - -
SD3-Medium 91.01 80.70 84.08 0.94 0.60 0.74 044 048 0.42
SANA-1.5 - - 84.70 0.93 0.65 0.81 - - -
NextStep-1 - - 85.28 - - 0.63/0.73t 054 0.61 0.54/0.79
Unified Model
Chameleon - - - - - 0.39 - - -
LWM - - - 0.41 0.15 0.47
Emu3 86.68 90.22 80.60 0.71 0.21 0.54/0.66 045 0.48 0.39
SEED-X-13B - - - 0.58 0.14 0.49 - - -
Transfusion - - - - - 0.63 - - -
ILLUME - - - 0.86 0.28 0.61 - - -
Janus-Pro-7B 88.90 89.32 84.19 0.89 0.66 0.80 0.37 0.49 0.35
Tar-7B 88.62 93.98 84.19 0.92 0.65 0.84 - - -
Show-02-7B 91.78 91.81 86.14 0.87 0.62 0.76 - - -
MetaQuery-XL - - 82.05 - - 0.80% 0.55 0.62 0.55
BAGEL - - - 0.94 0.63 0.82/0.88t 055 0.68 0.52/0.70
UniWorld-V1 - - - 0.93 0.70 0.80 0.55 0.73 0.55
BLIP3-0-8B - - 81.60 - - 0.84 - - 0.62
Bridge (Ours) 90.10 92.27 85.51 0.93 0.66 0.74/0.82F 056 0.65 0.53/0.69

images of size 384 x 384 as input, encodes and pools the features, and quantizes them into 81

discrete tokens selected from a codebook of size 65,536. The LlamaGen-VQGAN encoder uses

a downsampling ratio of 16, producing 32 x 32 = 1024 pixel tokens from 512 x 512 images,

drawn from a codebook of size 16,384. Concatenating the 81 semantic tokens with the 1024

pixel tokens yields a total of 1105 tokens per image. During training, we consistently resize and

center-crop images to 512 x 512 before feeding them into the model. Besides, to further enhance

the visual quality, we also develop an optional upscale module using Lumina-Accessory [269],

raising the output resolution to 1024px.
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Table 6.3: Comparison results on ImgEdit. Bridge achieves the best overall performance.

Model Add Adjust Extract Replace Remove Background Style Hybrid Action Overall?
Instruct-P2P 245 1.83 1.44 2.01 1.50 1.44 3.55 1.20 1.46 1.88
AnyEdit 3.18 295 1.88 247 2.23 2.24 2.85 1.56 2.65 2.45
UltraEdit 344 281 2.13 2.96 1.45 2.83 3.76 1.91 2.98 2.70
Step1X-Edit 388 3.14 1.76 3.40 241 3.16 4.63 2.64 2.52 3.06
BAGEL 356 331 1.70 3.30 2.62 3.24 4.49 2.38 4.17 3.20
UniWorld-V1 382 3.64 2.27 3.47 3.24 2.99 4.21 2.96 2.74 3.26
Bridge (Ours) 3.49 2.64 2.93 3.45 3.48 3.45 4.14 3.09 3.85 3.39

6.4.1 Main Results

Visual Understanding. We evaluate Bridge on a suite of visual understanding benchmarks,
including POPE [270], MME [271], MMBench [272], Seed-Bench [273], and MMMU [274]. As
reported in Table 6.1, thanks to the strong visual understanding ability inherited from the base
MLLM, Bridge achieves state-of-the-art or near state-of-the-art results across these benchmarks.
Notably, even on datasets where Bridge does not rank first, its performance remains very close to

the best reported results, demonstrating the robustness of its inherited understanding capacity.

Text-to-image Generation. We evaluate visual generation performance on three commonly used
text-to-image benchmarks, including GenEval [275], DPG Benchmark [276], and WISE [277].
Results are reported in Table 6.2. Our Bridge achieves consistently strong results across all three
benchmarks. On DPG Bench, it obtains an overall score of 85.51, surpassing most prior unified
model and generation-only methods. On GenEval, Bridge achieves 0.82 overall score, which is
competitive with recent state-of-the-art unified models like BAGEL. On WISE, our model de-
livers a solid 0.69, reaching the best reported numbers (0.70) of unified models. These results
demonstrate that Bridge achieves highly competitive performance across diverse evaluation set-

tings.
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Table 6.4: Visual Representation Comparison. Sem: Semantic token. Pix: Pixel token.

#Sem. #Pix. GenEval DPG ImgEdit

0 1024 0.48 71.7 293
729 0 0.57 73.1 3.16
729 1024 0.60 73.4 3.35

81 0 0.56 73.7 2.82
81 1024 0.61 75.8 3.33

Table 6.5: MLLM Architecture Comparison. Und. denotes the harmonic mean of understand-
ing benchmarks including MME, MMBench, SEED Bench, POPE, and MMMU.

Arch. Und. GenEval DPG
Dense 90.1 0.53 77.2
MoT 108.0 0.63 76.3

Instructional Image Editing. We leverage the ImgEdit benchmark [278] to systematically eval-
uate the instructional image editing performance of Bridge. Comparisons are made against a
series of specialist editing models [169, 268, 279, 280] as well as unified MLLMs [231, 244]. Ta-
ble 6.3 summarizes the results. As shown, Bridge not only surpasses the leading editing special-
ist model Step1X-Edit [280], but also outperforms recent unified MLLMs such as BAGEL [231]
and UniWorld-V1 [244]. In particular, Bridge achieves significant gains on the Extract, Remove,
Background, and Hybrid categories, underscoring its ability to follow fine-grained instructions

while preserving global consistency.

Visualization. As shown in Figure 6.2, our model can generate a wide range of images including
cartoon-style scenes, fantasy illustrations, photorealistic portraits, stylized characters and animals
etc. In addition, it also supports image editing tasks such as style transfer, object remove or

addition, and replacement.
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Table 6.6: Token Routing Comparison. Visual understanding and generation performance un-
der different token routing schemes. In the Token Routing columns, Und. refers to the under-
standing expert and Gen. refers to the generation expert.

Token Routing Und. Benchmarks Gen. Benchmarks
Und. Img Text MMBench MME-P MME-C SEED POPE MMMU GenEval DPG
Und. Und. 84.3 1730 677 77.4 88.4 574 0.63 76.3
Gen. Und. 80.9 1621 541 71.0 88.6 52.6 0.60 75.6
Und. Gen. 79.0 1479 564 75.2 85.3 46.0 0.59 77.1
Gen. Gen. 74.5 1228 475 71.4 80.2 42.1 0.53 77.2

6.4.2 Ablation Studies

In this section, we present ablation studies to examine several key design choices of our
method. Unless otherwise noted, all experiments use 25M high-quality text-to-image samples to
establish the visual generation capability of the model. For ablations that also require training
on visual understanding and language modeling, we additionally incorporate image understand-
ing and text-only data, maintaining a sampling ratio of 6 : 2 : 1 across text-to-image, image

understanding, and text data.

Effectiveness and Efficiency of Semantic-to-pixel Visual Representation. In Bridge, visual
representations are constructed by sequentially combining semantic tokens with pixel tokens.
To assess the effectiveness of this design, we compare several alternatives, including using only
pixel tokens, only semantic tokens, or varying semantic sequence lengths. Results are shown in
Table 6.4, where #Sem. denotes the number of semantic tokens and #Pix. denotes the number of
pixel tokens. All models are trained for one epoch on text-to-image datasets, and further contin-
ued on 1.4M high-quality image editing samples. For variants without pixel tokens, generation
terminates after all semantic tokens are sampled, and images are decoded with TA-Tok’s [234]

autoregressive de-tokenizer. Evaluation is performed using GenEval [275] and DPG [276] for
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text-to-image generation, and ImgEdit [278] for image editing.

The results reveal several key trends. First, using only pixel tokens yields the poorest
scores, highlighting their limited alignment with language tokens. Second, incorporating se-
mantic tokens consistently improves performance, demonstrating their role in bridging the gap
between language and vision. Finally, when comparing variants that use the same number of
semantic tokens, our approach of natively generating pixel tokens outperforms those that rely on
external generative de-tokenizers on all text-to-image and editing benchmarks, with the advan-
tage becoming more pronounced when the semantic sequence is short (e.g., 81 tokens). This
configuration not only achieves the best overall performance but also increases the sequence
length by only ~7.9%, indicating that a small set of semantic tokens is necessary and sufficient

for effective in-context cross-modal alignment.

Effectiveness of the MoT Architecture. Bridge adopts a Mixture-of-Transformers (MoT) archi-
tecture to develop visual generation ability on top of pre-trained understanding-oriented MLLMs.
To assess the necessity of this design, we compare it with a straightforward dense architecture,
where a single transformer backbone inherited from the same pre-trained MLLM is continually
trained on a mixture of text-to-image, image understanding, and pure language data. As shown
in Table 6.5, after continued training, the dense variant achieves a slightly higher DPG score but
performs significantly worse on GenEval and multiple understanding benchmarks. This result
suggests that generative training inevitably degrades the visual understanding ability of the base
MLLM, whereas the MoT architecture effectively isolates and preserves understanding while

adding generative capacity, validating the importance of our design.

Token Routing Scheme. In Bridge, visual generation ability is introduced by routing newly
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added generation image tokens to the generation expert, while all understanding image tokens
and text tokens remain routed to the understanding expert. This design preserves the original
comprehension capability of the base MLLM while extending it with generative capacity. To
examine alternative routing strategies, we experiment with all combinations of routing for under-
standing image tokens and text tokens, and report results in Table 6.6. Note that generation image
tokens are always routed to the generation expert, since they cannot be modeled by the frozen
understanding expert. For cases where understanding image tokens are assigned to the generation
expert, they are still encoded by the inherited continuous vision encoder to ensure consistency.

The results highlight several key trends. Our default routing scheme (row 1), where only
generation tokens are handled by the generation expert, achieves the best overall balance: strong
visual generation performance and excellent visual understanding ability. Moving understanding
tokens into the generation expert (row 2) causes interference between semantic and pixel repre-
sentations, leading to degradation in both understanding and generation benchmarks. Routing
text tokens to the generation expert (row 3) is counterintuitive and unsurprisingly results in worse
visual understanding. Finally, sending all tokens to the generation expert (row 4) collapses to
the dense model setting, where limited capacity yields the weakest visual understanding perfor-
mance. Interestingly, this variant also achieves the lowest GenEval score but slightly outperforms
other schemes on DPG.

In summary, keeping understanding image tokens and text tokens routed to the understand-
ing expert, while restricting the generation expert to newly introduced generation tokens, delivers

the best overall trade-off between visual understanding and generation.
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6.5 Conclusion

In this chapter, we present Bridge, a pure autoregressive unified MLLM that augments pre-
trained models with visual generative capability while rigorously preserving their visual under-
standing, enabling seamless multimodal understanding and generation within a single next-token
prediction paradigm. Central to our approach is a semantic-to-pixel discrete visual represen-
tation that fuses compact high-level semantic tokens with fine-grained pixel tokens, achieving
strong language alignment and high-fidelity synthesis with only a modest increase in sequence
length. Extensive experiments across diverse benchmarks demonstrate competitive or superior
performance in both understanding and generation, alongside reduced data requirements, shorter

training time, and overall improved efficiency compared to prior unified MLLMs.
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Chapter 7: Future Work and Conclusion

7.1 Future Work

The research presented in this dissertation establishes a foundation for controllable, effi-
cient, and unified visual content generation. Building on these contributions, we outline a clear
path forward. Our future agenda focuses on tighter integration between low-level generative
representations and high-level multimodal reasoning to develop systems that better meet the real-
world demands of visual content generation, while improving capability and robustness.

One key direction is to further bridge the objective gap between visual tokenization and
generative modeling. As demonstrated in our work with LARP, tokenizers optimized solely for
reconstruction fidelity can yield latent spaces that are suboptimal for downstream generation. To
address this misalignment, we propose integrating a learned diffusion prior directly into the tok-
enizer training process. By jointly training a lightweight diffusion model alongside the tokenizer
and backpropagating the denoising loss through the encoder, we can encourage a latent space
that is inherently compatible with iterative generation. This approach goes beyond pixel-level
reconstruction by ensuring that the fundamental units of visual representation are optimized for
the generative tasks they are intended to support.

This stronger representational foundation motivates the next step in system design: the
development of truly unified Multimodal Large Language Models (MLLMs). Although recent
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unified models [231-238] have made progress toward combining understanding and generation,
they often rely on loosely coupled components, which limits cross-modal synergy and robustness.
Future work should develop multimodal tokenizers and training strategies that enable understand-
ing and generation to actively reinforce each other, rather than operating as parallel capabilities.
Achieving meaningful unification also requires expanding beyond 2D static vision to a broader
set of modalities, including video, 3D, audio, and touch, which will be essential for building
more general-purpose systems. Finally, to ensure these powerful unified models are safe and
dependable in real-world settings, robust post-training and reinforcement learning methods will

be necessary to align model behavior with human values.

7.2 Conclusion

This dissertation examined visual content generation across a spectrum of abstraction lev-
els, from low-level pixel organization to high-level semantic synthesis. By analyzing generation
through these complementary perspectives, we developed principled approaches that improve
control, fidelity, and generalization in modern computer vision systems. We began by addressing
the foundational representation of visual data through Neural Space-filling Curves, showing that
data-driven, context-aware pixel orderings substantially outperform universal scans on down-
stream tasks such as compression. This establishes that even the choice of pixel traversal can
meaningfully influence efficiency.

Advancing toward semantic manipulation, we introduced the Chop & Learn framework to
study compositional generalization. Through its structured object-state design, the benchmark

enables the synthesis of novel combinations and demonstrates how curated, factorized data sup-
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ports transferable visual reasoning. To enhance controllability in image generation, we proposed
a unified framework for multimodality-guided style transfer. Supported by cross-modal GAN
inversion, this approach enables precise style manipulation using arbitrary mixtures of text and
image references, overcoming the inherent limitations of single-modality guidance.

Extending from static images to temporal signals, we developed LARP, a video tokenizer
equipped with a learned autoregressive prior. Its autoregressive-aligned tokenization scheme op-
timizes the latent space specifically for generation, effectively bridging the divide between video
compression and high-fidelity synthesis. Finally, we unified visual understanding and genera-
tion within Multimodal Large Language Models through the Bridge framework. By combining
a semantic-to-pixel discrete representation with a Mixture-of-Transformers architecture, Bridge
equips pre-trained understanding-focused models with visual generative capabilities while pre-
serving their interpretive strengths.

Collectively, these contributions advance the ability to synthesize diverse forms of visual
content. They demonstrate that integrating learned priors, structured representations, and unified

generative—understanding architectures is central to the continued evolution of generative Al
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