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ABSTRACT

Visual generative models have emerged as a central paradigm in computer vision, shift-
ing the focus from recognizing what is observed to modeling what could be observed. By
learning to synthesize images and videos, these models act not only as content generators
but also as powerful visual priors that support editing, simulation, reasoning, and repre-
sentation learning. Despite their impressive perceptual realism, modern generative models
often exhibit limitations in semantic faithfulness, compositional reasoning, efficiency, and
controllability—limitations that arise from complex and brittle design choices spanning
representations, objectives, architectures, and inference procedures. This dissertation studies
the design space of visual generative models from both theoretical and applied perspectives,
with the goal of improving their reliability, efficiency, and semantic alignment. It intro-
duces compositional evaluation frameworks to diagnose failures in text-to-image generation,
demonstrates the critical role of semantic encoders in enabling efficient and controllable
generation, and establishes visual generation as a principled tool for synthetic data creation
to address compositional gaps in supervision. On the theoretical side, the dissertation
develops a geometric understanding of flow matching, revealing how the velocity field can
enable a few-step, controllable generation and efficient solutions to downstream tasks such
as image editing, inverse problems, and model alignment. Finally, it presents a scalable
autoregressive framework that decouples generation cost from image resolution, enabling
fast, high-quality synthesis at arbitrary scales. Together, these contributions move visual
generative modeling toward a more principled and reliable approach, improving efficiency,

controllability, and robustness at scale across a broad spectrum of visual generation tasks.
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Chapter 1

INTRODUCTION

1.1 Overview

Perception has long stood at the center of machine learning research. Much of the
field’s progress has been driven by the goal of interpreting visual data—recognizing objects,
assigning semantic labels, and extracting structure from images and videos. These advances
have enabled machines to answer increasingly complex questions about visual inputs. Yet
interpretation alone provides only a partial account of visual intelligence. A system that
genuinely understands the visual world should not only be able to analyze what it observes,
but also to construct visual instances that are consistent with that understanding.

Visual generative models address this complementary objective. Rather than mapping
visual inputs to predefined outputs, they aim to model the process by which images and
videos are formed. In doing so, generative models attempt to capture the regularities,
constraints, and degrees of freedom that define visual data. This shift—from recognition
to synthesis—changes the nature of the learning problem. Generation requires a model to
internalize how objects, scenes, and events could plausibly appear, not merely how they can
be categorized.

The motivation for visual generation is therefore not limited to producing realistic im-
agery. To generate a coherent image, a model must reason—implicitly or explicitly—about
geometry, appearance, composition, and context. For video generation, these requirements
extend further to motion, temporal consistency, and causal structure. When generative
models fail, they often reveal precisely which aspects of visual structure have not been cap-

tured, making generation a diagnostic tool for visual understanding rather than a peripheral



application.

Historically, visual generative models have evolved alongside broader trends in computer
vision. Early approaches emphasized probabilistic formulations and density estimation,
treating images as high-dimensional signals drawn from unknown distributions. Later
methods introduced latent representations that enabled limited control over visual attributes,
reflecting early attempts at disentangling factors of variation. Recent large-scale generative
models have dramatically expanded the scope of what can be synthesized, producing
images and videos with high perceptual fidelity and responding flexibly to diverse forms of
conditioning, including natural language.

As these models have matured, their role has shifted. Visual generative models are no
longer viewed solely as tools for sampling or reconstruction, but increasingly as general-
purpose visual priors. They are used to edit images, complete missing content, simulate
alternative scenarios, and support multimodal reasoning. In many settings, generation is
not the final objective; rather, it enables interaction with visual representations in a way
that is flexible, compositional, and open-ended. This evolution reflects an implicit goal of
generative modeling: to learn representations that can be manipulated and queried, not just
observed.

At the same time, the capabilities of modern generative models raise important questions
about what they truly capture. High-quality synthesis does not guarantee semantic cor-
rectness, structural consistency, or faithful adherence to conditioning signals. Models may
generate visually plausible outputs that violate spatial relationships, physical constraints,
or temporal logic. Such behaviors highlight the tension between perceptual realism and
structural understanding, and underscore the need to reason carefully about the objectives
and inductive biases embedded in generative systems.

These challenges are further compounded by the diversity of design choices that underlie

visual generative models. Differences in architectures, representations, training objectives,



conditioning mechanisms, and evaluation protocols can lead to qualitatively different behav-
iors, even when models appear similar in output quality. As generative modeling extends
from static images to videos, and from unconditional sampling to increasingly structured
forms of generation, understanding these design dimensions becomes central to interpreting
model behavior.

Taken together, visual generative models occupy a distinctive position within computer
vision. They blur the boundary between perception and synthesis, serving both as powerful
tools for creating visual content and as probes into the nature of visual representation itself.
By forcing models to construct, rather than merely classify, generative modeling reframes
the question of visual understanding—shifting it from recognizing what is seen to modeling
what could be seen. This perspective provides a foundation for thinking about the future of

visual intelligence, where generation, interaction, and understanding are tightly intertwined.

1.2 Applications of Visual Generative Models

Visual generative models support a wide range of applications that extend beyond the
act of image or video synthesis itself. These applications reflect different ways in which
generative capabilities interact with visual representations, from creation and manipulation
to reasoning and simulation. While the boundaries between these categories are often fluid,
they provide a useful lens for understanding how generative models are used in practice and

what demands these uses place on model design.

Content Synthesis and Creation. One of the most direct applications of visual generative
models is the creation of images and videos. In this setting, generation serves as the primary
objective: models are tasked with producing novel visual content that is coherent, diverse,
and perceptually plausible. This includes unconditional generation, where samples are

drawn without explicit constraints, as well as conditional generation based on class labels,
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text descriptions, sketches, or other inputs. Content synthesis places strong emphasis on
visual fidelity and diversity. Models must strike a balance between generating high-quality
samples and adequately covering the underlying data distribution. For video generation,
additional challenges arise in maintaining temporal coherence and consistent identity across
frames. These applications often act as stress tests for a model’s capacity to represent the

full complexity of visual data.

Image and Video Editing. Beyond creating content from scratch, generative models
are widely used for editing existing images and videos. Editing tasks include attribute
manipulation, object insertion or removal, style transfer, inpainting, and temporal editing
in videos. In these scenarios, generation is constrained: the model must modify certain
aspects of the input while preserving others. Editing applications highlight the importance
of controllability and locality in generative models. Successful edits require representations
that separate semantic factors and allow targeted changes without unintended side effects.
For video, edits must also remain consistent over time, avoiding flicker or drift. These
requirements expose limitations in models that rely primarily on global generation without

explicit structural constraints.

Data Augmentation and Simulation. Visual generative models are frequently used to
augment datasets or simulate visual environments. In supervised learning settings, synthetic
images and videos can be generated to increase data diversity, address class imbalance, or
expose models to rare or extreme conditions. In simulation, generative models can create
environments or scenarios that are difficult, expensive, or unsafe to capture in the real world.
In these applications, realism alone is insufficient. Generated data must be semantically
meaningful and aligned with the intended use case. For example, augmentations that alter

superficial appearance without respecting semantic structure may fail to improve downstream



performance. As a result, simulation-oriented applications emphasize semantic fidelity,

coverage of relevant variations, and alignment with task-specific constraints.

Representation Learning and Priors. Generative models also play an important role
as tools for learning visual representations. By training models to reconstruct or generate
visual data, latent representations are encouraged to capture salient factors of variation.
These representations can then be reused for downstream tasks such as classification,
retrieval, or reasoning. In this context, generation serves as a means rather than an end.
The quality of the learned representation is often more important than the visual quality of
the generated outputs. Applications that rely on generative priors benefit from models that
encode structure in a compact and interpretable manner, enabling generalization beyond the

training distribution.

Multimodal and Interactive Systems. With the integration of language, vision, and other
modalities, visual generative models increasingly operate within multimodal systems. Text-
to-image and text-to-video generation enable users to interact with visual models through
natural language, while iterative prompting and refinement support interactive content
creation. These applications place new demands on generative models. Outputs must be
faithful to conditioning inputs, robust to linguistic variation, and capable of compositional
reasoning. Failures in spatial relationships, object counts, or temporal logic are particularly
salient in multimodal settings, as they reveal misalignment between visual and symbolic

representations.

Reasoning, Planning, and World Modeling. A growing class of applications treats
visual generative models as components of reasoning or planning systems. In such settings,
generation is used to imagine future states, explore counterfactuals, or simulate the outcomes

of actions. For video generation, this perspective aligns closely with the idea of modeling
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Figure 1.2: Visual Generative Models resemble an iceberg; while scaling parameters may
seem to be the primary driver of SOTA performance, significant complexity resides within
the hidden design space. A granular understanding of these submerged components is
essential for improving model robustness and efficiency in downstream tasks.

dynamics and causality in visual environments. These applications shift the emphasis from
perceptual realism to consistency, predictability, and structural correctness. Generative
models must support coherent rollouts and respect constraints imposed by the environment.
This use case underscores the connection between generative modeling and broader notions

of world models, where visual generation serves as a substrate for reasoning rather than

content creation alone.

Evaluation and Diagnostics. Finally, visual generative models are increasingly used
as diagnostic tools. By analyzing what a model can and cannot generate, researchers
gain insight into its learned representations and biases. Generation-based evaluation can
reveal weaknesses that may not appear in discriminative benchmarks, such as failures in
compositionality or spatial reasoning. In this role, generative models are not judged solely by
output quality, but by what their outputs reveal about underlying structure. This perspective

reinforces the view of generation as a probe for understanding visual intelligence.



1.3 The Design Space of Visual Generative Models

Visual generative models are defined not by a single architectural paradigm, but by a
collection of interdependent design choices. These choices span representations, network
architectures, training objectives, conditioning mechanisms, inference procedures, and
evaluation criteria. As models have grown in scale and capability, this design space has
expanded rapidly, resulting in systems that are increasingly powerful, but also increasingly
complex and opaque.

This complexity is not incidental. Visual generation is a fundamentally challenging
problem: images and videos are high-dimensional, structured, and multi-scale, with depen-
dencies that span space, time, and semantics. Capturing these properties requires models to
balance expressivity with tractability. Design decisions that improve performance in one
dimension—such as perceptual fidelity—may introduce trade-offs in others, such as effi-
ciency, controllability, or reliability. Understanding these trade-offs is a central motivation

for studying the design space of generative models.

1.3.1 Sources of Complexity

The complexity of visual generative models arises from several sources. First, represen-
tations differ in how they encode visual information: some emphasize pixel-level fidelity,
while others operate in latent spaces that abstract away low-level detail. Second, architec-
tures vary in their inductive biases, with different mechanisms for modeling spatial structure,
long-range dependencies, or temporal dynamics. Third, training objectives introduce ad-
ditional layers of complexity, combining reconstruction, likelihood-based, adversarial, or
consistency-driven losses, often with implicit assumptions about what constitutes a “good”
generation.

Inference procedures further complicate the picture. Some models rely on iterative



sampling or refinement processes, trading computation for quality, while others favor
direct generation for speed. Conditioning mechanisms—such as text, images, or control
signals—add another axis of variation, influencing how faithfully models respond to external
constraints. Taken together, these choices define a rich and multidimensional design space,

in which no single configuration is universally optimal.

1.3.2  Why the Design Space Matters

Careful reasoning about the design space is essential for both practical and conceptual
reasons. From an engineering perspective, design choices directly affect efficiency. Large
generative models often incur substantial computational and memory costs during training
and inference. Understanding which components are essential, and which can be simplified
or replaced, enables more efficient models without sacrificing core capabilities. This is
particularly important as generative models are deployed in resource-constrained or real-time
settings.

Performance is another key consideration. Improvements in generation quality are
often achieved through architectural refinements or objective redesigns, but such gains
may not generalize across tasks or modalities. A design-space view helps distinguish
improvements that reflect fundamental modeling advances from those that exploit narrow
evaluation criteria. It also clarifies how performance metrics interact with design decisions,
revealing why models that excel under one metric may fail under another. Controllability and
interpretability further motivate attention to design. Applications such as editing, simulation,
and reasoning require models to respond predictably to inputs and constraints. Design
choices that entangle factors of variation or rely on implicit correlations can undermine this

goal, leading to brittle or unintuitive behavior.



1.3.3 Engineering Perspectives

From an engineering standpoint, the design space frames generative modeling as a
system-level problem. Choices about architecture, training, and inference must be aligned
with deployment requirements, such as latency, scalability, and robustness. Engineering con-
siderations often expose practical trade-offs that are not apparent from isolated benchmarks.
For example, autoregressive visual generative models may outperform other alternatives on
256x256 image generation but fail to generalize to arbitrary resolutions due to quadratic
increases in compute requirements.

Systematic exploration of the design space enables informed compromises. It allows
practitioners to tailor generative models to specific applications, rather than relying on
monolithic solutions. In this sense, understanding the design space is a prerequisite for
turning generative modeling from a research artifact into a reliable system that works at

scale.

1.3.4  Theoretical Perspectives

Beyond engineering concerns, the design space of visual generative models raises
fundamental theoretical questions. Different modeling choices reflect different assumptions
about the structure of visual data—what should be represented explicitly, what can be
learned implicitly, and how uncertainty should be handled. Studying these choices helps
clarify the relationship between model architecture, learning dynamics, and generalization.

Theoretical perspectives also seek to explain why certain designs work. For instance,
questions about sample efficiency, expressivity, and inductive bias are central to understand-
ing how generative models scale with data and compute. A principled view of the design
space can reveal connections between seemingly disparate models, highlighting shared

mechanisms and underlying principles.
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1.3.5 Toward Principled Design

As visual generative models continue to evolve, the need for principled design becomes
increasingly pressing. Without a clear understanding of the design space, progress risks
becoming driven primarily by scale and empirical trial-and-error. By contrast, a structured
view of design choices enables more systematic exploration, clearer evaluation, and deeper
insight into the nature of visual generation itself.

In this context, the design space is not merely a catalog of architectures or techniques. It
is a framework for reasoning about how visual generative models are built, why they behave
as they do, and how they can be improved—both as engineering systems and as objects of

scientific study.

1.4 Main Contributions

As noted above, visual generative models are made of various integrated components
in a very brittle way which makes them hard to scale and resource consuming. In this
dissertation, I will address these shortcomings by focusing on different design aspects of
visual generative models from theory to applied, from diffusion to flow matching to flow
maps and autoregressive modeling, and from semantic encoders to reconstruction encoders
to improve visual generative models’ performance, efficiency, and controllability for various
tasks such as text-to-image generation, image editing, solving inverse problems, few-shot
image generation, etc. In this section, I will detail key contributions and provide a high-level

summary of various chapters. This involves:

* (evaluation) Compositional evaluations for text-to-image generative models to under-
stand the failure modes on visual and text based concept following (such as concept
alignment and caption alignment).

* (text-to-image mapping) Understanding the role of semantic encoders for signifi-

11



cantly boosting performance, training efficiency and controllability for text-to-image

and personalized image generative models.

* (synthetic data) The role of visual generative models for synthetic data creation for
complex image editing (such as referring expression) and compositional semantic

encoders (such as “mug in the grass” vs. “grass in the mug”).

* (theoretical foundation) Building the theory of flow matching velocity field dynamics
for few-step generative models and efficient solving downstream tasks (such as image

editing, solving inverse problems and removing unwanted content).

* (autoregressive generation) Efficiently scaling autoregressive models to support
fast and accurate image generations on arbitrary resolutions to bring autoregressive

models closer to diffusion models at scale.

Chapter 2 presents ConceptBed, a compositional evaluation framework for text-to-
image generative models that probes how well learned visual concepts are followed under
complex textual compositions. It introduces two complementary criteria—concept alignment
and composition (caption) alignment—and a large-scale benchmark of 284 concepts with
33K composite prompts spanning objects, attributes, styles, and relations. To quantify
failures beyond photorealism, the chapter proposes Concept Confidence Deviation (CCD),
a confidence-based metric using oracle classifiers and VQA that correlates strongly with
human judgments. Extensive evaluations reveal a consistent trade-off: methods that strongly
memorize concepts often fail at compositional reasoning, while composition-preserving
methods weaken concept fidelity. Together, these findings motivate compositional evaluation
as essential for understanding and improving personalized text-to-image models.

The chapters 3 and 4 study the role of semantic encoders—particularly CLIP-style

vision—language representations—in improving text-to-image generation, showing that
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strong semantic alignment in latent space is a key driver of performance, efficiency, and
controllability. It introduces ECLIPSE, a contrastive learning framework for training com-
pact text-to-image priors that distill semantic structure from pre-trained vision—-language
models, achieving state-of-the-art compositional text following with orders-of-magnitude
fewer parameters and training data than diffusion-based priors. Building on this insight,
the chapter 4 presents A-ECLIPSE, which operates directly in the CLIP latent space to
enable fine-tuning-free, multi-concept personalized image generation, balancing concept
fidelity and compositional alignment while dramatically reducing compute. Together, these
works demonstrate that carefully designed semantic encoders and priors can replace brute-
force scaling, offering a principled path toward efficient, controllable, and compositional
text-to-image and personalized generative models.

The chapter 5 investigates how visual generative models enable high-quality synthetic
data creation to address compositional challenges that are difficult to capture with web-
scale supervision alone. It presents TripletCLIP, which leverages text-to-image generative
models to synthesize hard negative image—text pairs that explicitly encode compositional
distinctions (e.g., “mug in the grass” vs. “grass in the mug”), and shows that such synthetic
negatives substantially improve the compositional reasoning of semantic encoders. This
work establishes synthetic data as a principled and scalable tool for learning compositional
semantics, highlighting how generative models can actively shape the training distributions
needed for robust visual understanding models as well.

The chapters 6 and 7 develop a theoretical foundation for flow matching that explains
why few-step generative models can be both efficient and controllable, and how their
vector fields can be systematically steered to solve downstream tasks. We first analyze the
error dynamics of ODE-based generative processes, showing that diffusion-style stochastic
trajectories suffer from curvature-induced errors and trajectory crossovers, while rectified

flows exhibit near-straight paths that enable stable, deterministic control. Building on this
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insight, we introduce FlowChef, a theory-grounded framework that steers rectified flow
trajectories directly in the velocity field, yielding gradient- and inversion-free solutions for
image editing, inverse problems, and classifier guidance, and scaling efficiently to large
latent models. We then extend this trajectory-centric view to model alignment and safety
via EraseFlow, which formulates concept erasure as trajectory redistribution and proves
that a reward-free, trajectory-balance objective can provably align denoising dynamics to
safe anchors while preserving the prior. Finally, we study few-step generation through a
geometric lens, deriving curvature-aware identities for MeanFlow and proposing piecewise
and curvature-regularized flow maps that stabilize training and improve the FID—vs.—NFE
trade-off. Together, these results unify efficiency, controllability, and safety under a single
theoretical perspective on flow velocity fields and their geometry, providing principled
tools for fast generation and robust downstream control.

At last, the chapter 8 presents a scalable approach to autoregressive image generation
at arbitrary resolutions. It introduces VibeToken, a resolution-agnostic 1D tokenizer that
compresses images of any size or aspect ratio into a short, dynamic token sequence, and
VibeToken-Gen, an AR generator whose inference cost is independent of image resolution.
By decoupling token length from spatial size, the model enables fast, high-quality generation
up to 1024x1024 with orders-of-magnitude lower compute than prior AR methods, bringing

autoregressive models closer to diffusion-level performance at scale.
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Chapter 2

EVALUATING CONCEPT LEARNING ABILITIES OF TEXT-TO-IMAGE DIFFUSION
MODELS

2.1 Introduction

Humans reason about the visual world by aggregating entities that they see into “visual
concepts”: both cats and elephants are animals, and both palms and pines are
trees. We use natural language to describe images and things that we see. Although
this type of visual concept learning is well-defined in human psychology [180], it remains
elusive in the context of data-driven techniques capable of learning and reasoning from
images and their natural language descriptions.

Text-to-Image (T2I) generative models are trained to translate natural language phrases
into images that correspond to that input. High-quality T2I models, therefore, serve as
a link between human-level concepts (expressed in natural language) and their visual
representations and are one way to reproduce visual concepts. On the other hand, this
has also sparked interest in visual concept learning (a.k.a. personalized T2I) through the
procedure of “image inversion” — to translate one or many images corresponding to a visual
concept into a latent representation of that visual concept. While earlier methods primarily
explored image inversion using generative adversarial networks [287], methods such as
Textual Inversion [72] and Dreambooth [222] combine image inversion with T2I — this has
led to an effective way to quickly learn concepts from a few images and reproduce them
in novel combinations and compositions with other concepts, attributes, styles, etc. These
methods aim to learn concepts with minimal reference images by fine-tuning pre-trained

text-conditioned diffusion models (Figure 2.1). Therefore this paradigm of T2I and image
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Figure 2.1: Visual concept learners such as textual inversion models learn to “invert” a set
of images (about a concept c) into a text embedding V*, and then use this learned textual
concept in new text prompts to generate images of concept ¢ under different contexts and by
performing novel compositions with other concepts. The proposed CONCEPTBED dataset
along with the evaluation metric CCD allows us to comprehensively and quantifiably evaluate
concept learning abilities of text-to-image diffusion models.

inversion is a powerful new way of learning and reproducing concepts.

Within this paradigm of novel visual concept learning via image inversion, two primary
evaluation criteria have emerged: (1) concept alignment, which assesses the correspondence
between the generated images and the target concept images, and (2) composition align-
ment, which evaluates whether the generated images maintain compositionality. Previous
studies have been small scale, evaluating only a small number of hand-picked concepts and
compositions; as such making generic claims via such findings is difficult. Furthermore, the
established evaluation metrics such as DINO-based cosine similarity [222] (for measuring

concept alignment), KID [128] (for measuring the amount of concept overfitting), and CLIP-

Score [93] (for evaluating compositionality), have encountered challenges in accurately
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capturing human preferences. Consequently, there is a growing need for better automated
evaluations.

Therefore, we introduce CONCEPTBED, a comprehensive dataset and evaluation frame-
work that is aligned with human preferences. The CONCEPTBED dataset comprises 284
distinct concepts and approximately 33,000 composite text prompts, which can be further
extended using the provided automatic realistic dataset creation pipeline. The dataset fo-
cuses on four diverse concept learning evaluation tasks: learning styles, learning objects,
learning attributes, and compositional reasoning. To gain a deeper understanding of previous
methodologies, we incorporate four composition categories — action, attribution, counting,
and relations.

We use our large-scale dataset to evaluate concept learners, by developing a novel
evaluation metric called Concept Confidence Deviation (CCD). We conduct a human study
and find that relative evaluations of models in terms of CCD are well aligned with human
preferences. Therefore, CCD combined with the CONCEPTBED dataset, offers an alternative
to existing evaluation strategies, facilitating more effective large-scale evaluations. For each
evaluation criterion, we train supervised classifiers (oracles) to detect whether generated
concept images are accurate. Subsequently, the confidence scores from these oracles are
utilized to calculate the instance-level concept deviations of the generated concept images in
relation to the reference target ground truth images using the proposed CCD metric. This
approach enables us to assess concept and composition alignment more effectively. We
further show that CCD calculated using a pre-trained few-shot classifier also maintains a
high correlation with human preferences. This allows CCD to measure concept alignment
on unseen concepts.

We conduct extensive experiments on four recently proposed concept learning method-
ologies. In total, we fine-tune approximately 1100 models (one model per concept) and

generate over 500,000 concept-specific images. Our results reveal a surprising trade-off be-
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Figure 2.2: A summary of the CONCEPTBED dataset for large-scale grounded evaluations of
concept learners. The collection of concepts is categorized into three classes: (1) Domain, (2)
Objects, and (3) Attributes. CONCEPTBED has 284 unique concepts and four compositional
categories. Here, V* is a learned concept.

tween concept alignment and composition alignment, wherein methods excelling at concept
alignment tend to fall short in preserving compositions and vice versa. This suggests that
previous concept learning approaches are either highly overfitted or severely underfitted.
Furthermore, our experiments demonstrate that utilizing a pre-trained CLIP [210] textual
encoder aids in maintaining compositionality, but it lacks the flexibility required to learn

complex concepts, such as sket ch.

In summary, we make the following key contributions:

* We introduce CONCEPTBED, a comprehensive benchmark for grounded quantitative

evaluations of text-conditioned concept learners.

* The Concept Confidence Deviation (CCD) evaluation metric measures the learners’
ability to preserve concepts and compositions. We demonstrate a strong correlation

between CCD and human preferences.
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* Through extensive experiments with 1,100+ models, we identify shortcomings in
prior works and suggest future research directions. CONCEPTBED sets a standard for

evaluating personalized text-to-image generative models.

2.2 Related Work

Concept Learning. Concept learning encompasses various problem statements and ap-
proaches, depending on the perspective adopted. Concept Bottleneck Models (CBMs) [122]
and Concept Embedding Models (CEMs) [308] treat object attributes as concepts and pro-
pose classification strategies to identify these concepts. Neuro Symbolic Concept Learner
(NS-CL) [172] aims to learn visual concepts by associating them with language semantics,
enabling the model to perform visual question answering. Image Inversion Style Concept
Learning [287], takes a different approach. Its objective is to invert a given concept image
back into the latent space of a pre-trained model. However, text-based concept composition

is not possible for such models.

Text-to-Image Generative Models. With advances in vector quantization [266] and diffu-
sion modeling [216], text-to-image generation has improved its performance. Notable works
such as DALL-E [212] train transformer models. While current state-of-the-art, diffusion-
based text-to-image models such as GLIDE [182], LDM [216], and Imagen [226], have
surpassed prior approaches (such as StackGAN [313], StackGAN++ [314], TReCS [121],
and DALL-E [212]) and achieved superior performance. Pixart-a [35] and ECLIPSE [194]
further enhances T2I methods without depending on heavy compute. Additionally, as shown
by [233], these T2I models also have multilingual concept understanding to a certain extent.
Text-to-Image Concept Learning. Text-conditioned diffusion models, such as LDM, have
demonstrated their potential for learning novel visual concepts with only a few reference
images. Textual Inversion [72] proposes learning the embedding corresponding to the

placeholder (V*) through optimization. DreamBooth [222] suggests optimizing the UNet
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parameters instead of optimizing the placeholder embedding. Custom Diffusion [128]
combines both approaches by optimizing the placeholder and key/value weights from the
cross-attention layers for faster concept learning. These concept learners are essentially
text-conditioned diffusion models and inherit the same limitations of diffusion models.
One limitation is the overfitting of concepts and language drift. By optimizing model
parameters on a handful of reference images, it is highly likely that the model might overfit
the given concept and cannot maintain compositionality. Therefore, in this paper, we propose

CONCEPTBED for systematic evaluations.

Text-to-Image Generative Model Evaluations. Evaluating generative models is not
widely studied. The FID [94] score is commonly used to measure generated image quality.
CLIPScore [93] is another popular evaluation metric for reference-free image-text alignment.
Another study focuses on compositional evaluations of text-to-image models on small
subsets (CU-Birds and Oxford-Flowers) [188]. DALL-Eval [42] evaluates reasoning skills
on synthetic datasets and social biases of text-to-image generative models. DALL-Eval,
VISOR [82], and LAYOUTBENCH [41] evaluate spatial reasoning abilities. Parallel work
T2I CompBench [100] also adopts the idea of VQA for accurate composition evaluations.
Although text-to-image model evaluations are well-explored, they lack concept-specific
assessments and cannot be used for evaluating concept learning. Therefore, CONCEPTBED

attempts to overcome this gap in evaluations of novel visual concept learning abilities.

2.3 CONCEPTBED

In this section, we introduce CONCEPTBED, a comprehensive collection of concepts, de-
signed to accurately estimate concept and composition alignment by quantifying deviations
in the generated images. Later, we introduce the novel evaluation framework associated
with CONCEPTBED. Please refer to the Appendix for additional insights on the proposed

dataset and evaluation framework.
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2.3.1 CONCEPTBED: Dataset Construction

CONCEPTBED incorporates existing datasets such as ImageNet [49], PACS [138],
CUB [269], and Visual Genome [124], enabling the creation of a labeled dataset. Fig-

ure 7.2 provides an overview of the CONCEPTBED dataset.

Learning Styles. We use styles from the PACS dataset: Art Painting, Cartoon,
Photo, and Sketch. Each style contains images corresponding to seven categories. The
concept learner aims to use examples from one style as a reference and generate style-specific

images for all seven entities.

Learning Objects. Extracting object-level concepts is accomplished through the utilization
of the ImageNet dataset. It comprises 1000 low-level concepts from the WordNet [67]
hierarchy. However, due to the presence of noise in ImageNet images and the lack of
relevance to daily life for many concepts, we employ an automated filtering pipeline to
ensure the usefulness and quality of the reference concept images. The pipeline involves
extracting a list of low-level concepts and their parent concepts from ImageNet, followed
by extracting text phrases from Visual Genome containing the concept as a subject in the
caption. If an insufficient number of such captions exists (less than 10 in Visual Genome) or
they cannot be found, the concepts are discarded. This filtering process results in 80 concepts
such as (brambling, squirrel monkey, etc.). We select the top 100 high-quality

images for each concept that will be used to train the concept learning methodologies.

Learning Attributes. Since ImageNet dataset images are not labeled based on the attributes
present in the image, it is necessary to rely on datasets that provide attribute-level grounded
labels. Therefore, we additionally employ the CUB dataset, which offers attribute-level
labels (such as orange wing, blue forehead, etc.), enabling the CONCEPTBED to

perform evaluations and measure the attribute-level performance of concept learners.

Compositional Reasoning. In addition to learning new concepts, it is crucial to maintain
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Figure 2.3: Intuitive illustration of the Concept Confidence Deviation (CCD) for the con-
cept Art Painting. Blue and Orange are the probability distributions of the real and
generated concept images.

prior knowledge and associate the acquired concepts with it. To conduct these evaluations
holistically, we use Visual Genome to extract captions in which the concept appears as the
subject of the sentence. These captions are categorized into four composition categories
(actions, attributes, counting, and relation) through few-shot classification using GPT3 [25].
This categorization allows us to measure the performance of the baselines on each category,
and provides an in-depth understanding of the varying difficulty levels of different compo-
sitions. The concepts and their respective categories are presented in Table 2.11. We use

the CUB dataset for attribute-level analysis, while the ImageNet concepts are included to

ensure a diversity of concepts.
2.3.2 ImageNet Dataset Generation Pipeline

As mentioned in Section 2.3.1, ImageNet contains 1000 classes but not all of them
are used in day-to-day interactions. Moreover, performing experiments on each of these

1000 classes is computationally very extensive, as one needs to train 4000 models and
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Algorithm 1: CONCEPTBED Object-Concepts Collection Pipeline

1 [0] Input: Yy ¢ = Visual Genome Captions;

2 Clrmagenet = {(c, Xe) 1

3 Output: Estimated CconceprBeD = {(XC, ¢)}M [1] Initialize: CconceptBed = [J; M =0
(¢, Xc) € Crmagenet count =0y € Yy g subject(y) == ¢ count = count + 1 count>=10
X. = []x e X.area= %m area >=0.4 X, <z X, = Sorted(Xc)

CconcepTBED < (Xc[: 100],¢) M =M +1

generate 400,000 images. Therefore, it is important to filter out concepts that are commonly
encountered in daily life. To measure real-life importance, we check if any concept (such as
dog) is the subject of a caption prompt in the whole Visual Genome dataset. If there exist at
least 10 captions having the concept as subject, then we add the concept to the CONCEPTBED
library. Additionally, the concept learning methodologies can learn new concepts using as
little as 4 images. Using all ImageNet images as training data can potentially add more
noise, as these images are not high resolution. Hence, we further filter out the top 100
images based on the percentage of the object pixels (with a ratio of at least 0.4) within the
image. We provide Algorithm 1 for readers’ understanding of the data generation pipeline.
It is worth noting that this pipeline can be used to extend CONCEPTBED and even to train

future concept learning methodologies.

2.3.3 Composition Categorization

We leverage the Visual Genome dataset to create composite prompts for each of the
80 ImageNet concepts. This process yields over 33,000 compositions, resulting in a rich
variety of prompts. Table 2.13 provides detailed statistics on the compositions for each
concept. Furthermore, Figure 2.4 illustrates the distribution of composition categories within

the CONCEPTBED dataset. For the sake of simplicity, CONCEPTBED contains composite
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Figure 2.4: Left: word-cloud of the CONCEPTBED compositions. Right: statistics of
composition categories and their combinations in composite text prompts.

prompts that combine up to two different compositions. To determine the composition
type, we employ the GPT3 (text-davinci-003) model for few-shot classification. Figure 2.5

showcases the instruction and in-context examples used to categorize each text phrase.

2.3.4 Question Generations

Rather than relying solely on image-text similarity, we evaluate compositions through
VQA performance using synthetically generated boolean questions (i.e., yes or no) based
on the composite text phrases. To create these questions, we manually filter out salient
words such as nouns, attributes, and verbs, and formulate questions corresponding to each
of these words. This process enables the creation of existence-related questions where the
ground truth answer is always yes. Table 7.8 provides examples of the questions generated

for different composite text prompts.
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Help me categorize the sentences Into counting. actions, attribute, and relation

One sentence can have multiple possible categories

Examples

Sentence: wood is under bird

Category: relation

Sentence; the dog has a black nose

Category: attribute

Sentence; there are two mouse

Category: counting

pnce: the monkey is biting the banana

Category: action

Sentence: The bird is eating food out of the person's hand

Category: action, retation

Now, based on prévious examples help me categorize the next sentence

Sentence: the dog has large brown paws

Figure 2.5: Screenshot depicting few-shot classification using GPT3. We keep the instruc-
tion and few-shot examples constant and change the target phrase to get the corresponding
categories.

2.3.5 CONCEPTBED: Dataset Statistics

The CONCEPTBED dataset consists of 284 unique concepts, comprising 80 concepts
from ImageNet, 200 concepts from CUB, and 4 concepts from PACS. In total, the dataset
contains approximately 33,000 composite prompts for the evaluation of all 80 processed
concepts from ImageNet, with each composite prompt having up to two composition
categories. Out of these composite prompts, 18987, 16902, 8014, and 1083 prompts
contribute to the attribute, relation, action, and counting categories, respectively.

Our dataset curation pipeline is flexible to be extended to larger datasets such as
Openlmages-v7 [130] and LAION-5B [237]. However, it is important to note that this
extension would significantly increase the resource requirements. With the introduction of

this dataset, our primary objective is to provide a standardized and benchmarked evaluation
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Caption Generated Questions

are there two birds ?
two birds standing on branches
are there branches ?

is there tongue ?
tongue hanging out a dog’s mouth
is there a dog’s mouth ?

is there cat ?
cat is licking herself
is the cat licking herself ?

is there the monkey ?
the monkey is holding onto a red bar
is there a red bar ?

is there propeller blade ?
Propeller blade on an aircraft
is there an aircraft ?

is there the vine ?
the vine is around clock
is there clock ?

is there man ?
man driving the boat
is there the boat ?

Table 2.1: Examples of generated existence-related questions from captions.

framework for concept learners, enhancing research in the field.
2.3.6 ccCD: Concept Confidence Deviation

Problem Statement. Consider a pre-trained text-conditioned diffusion model g(-), which
can be further fine-tuned on a specific concept c such that ¢ € Cconcepren- We assume the
availability of concept-specific target images from the CONCEPTBED dataset, denoted as
DrealeDiest Denote the concept learner g(-) fine-tuned on concept c using Dre® as

CONCEPTBED*

g.(+). First, we generate a collection of N images using the learned concept ¢, and denote
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Algorithm 2: Concept Confidence Deviation

1 [0] Input: Concept fine-tuned models G € {g.}, ¢ € CconceprBep;

2 Oracles Fy € {Fpac, Frmagenet: Fcups, Fvals

3 Reference set of concept images X"/ ¢ {z.};

4  Target set of prompts Y € {y.};

5 Output: Estimated CCD [1] Initialize: score = []; p"** =[] ¢ € Cconceprep P™Y = []
t=VQAc=3

6 :1;:1...Mpre“l<—Ft(mi,c)ﬁ"e“l:ﬁzglpfmln:1...N:cgen:gc(yc)

score « =1 % (F(zgen,c) — %) // Eq. 2.1 CCD = % YN score;
Concepts Fine-grainedcus
Model Composition
Domainpacs  ObjectsimageNet Object-level  Attribute-level
TI (LDM) 0.0478 0.0955 0.2289 0.1174 0.1906
TI (SD) 0.2456 0.0472 0.0859 0.0332 0.1090
DB 0.6825 0.0678 0.0963 0.0469 0.3527
CD 0.6206 0.2085 0.3934 0.1743 0.4916
Original 0.0000 0.0000 0.0000 0.000 0.0000

Table 2.2: Results of Concept Alignment Evaluation. The table shows the performance
of concept learners evaluated using the CCD ({) metric for Concepts (Domainpacs, and
Objectimagenet), Fine-grainedcyg (Object-level, and Attribute-level), and Composition. The
best and worst performing models are indicated by bold and underlined numbers, respec-
tively.

gen
7

this set of images as DI ={z%"=g.(pi, s'); Vi € [0, N]}, where pi is the concept-specific
prompt and s is the random seed.

The alignment between two distributions (i.e., D7 and DI") is typically computed
by first extracting features from the model m (i.e., freq=m(D"%); foen=m(D9")) and
then employing a distance metric d (i.e., score = d( freai, fgen))- Several combinations of
models (m) and distance measures (d) have been used in prior work. For concept alignment,

Ruiz et al. [222] use m=DINO with d=Cos and Kumari et al. [128] use m=Inception with

d=KID. For composition alignment, all prior work utilizes m=CLIP with d=Cos. However,
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Relation Action Attribute Counting
Models
CLIP VQA. «ccD CLIP VQA ccD CLIP VQA. ccD CLIP VQA. ccD

TI(LDM) 0.6589 66.60% 0.2074  0.6523 68.69% 0.2098  0.6599 72.22% 0.1331  0.6515 65.78% 0.1231

TI(SD)  0.6294 70.09% 0.1735  0.6274 70.81% 0.1884  0.6360 74.75% 0.1091  0.6301 68.38% 0.1020

DB 0.7051 82.20% 0.0542  0.6995 84.61% 0.0496  0.6862 82.24% 0.0355  0.6924 78.90% -0.0016
CD 0.7065 82.94% 0.0471  0.7053 86.35% 0.0347  0.6940 84.20% 0.0163  0.6921 79.36% -0.0054
SD 0.7222 83.42% 0.0403  0.7178 87.39% 0.0256  0.7053 83.85% 0.0184  0.7085 81.07% -0.0206

Original ~ 0.6626 87.45% 0.0000 0.6831 89.78% 0.0000  0.6306 85.79% 0.0000  0.6553 78.32% 0.0000

Table 2.3: Compositional Reasoning Evaluation Results. The table shows the performance
of the prior works for Composition Alignment. CLIP (1) is the traditional image-text
alignment metric. VQA (7) is the accuracy of the ViLT VQA classifier on generated boolean
questions. And CCD (|) is the composition deviations reported from the ViLT model with
respect to its performance on original images. The best-performing model is indicated by
bold numbers, while the performance that is higher than the original data is reported with
underline.

these methods fail to accurately capture the concept deviations within the generated images;
rendering them ineffective in comparing performance across the methodologies (as shown

in Section 7.5.2).

Concept Confidence Deviation (CCD). To address the above limitations, we propose
training the oracle classifier [, specifically for the concept detection task using the CON-
CEPTBED training dataset, D2 . . Then one can simply use m = F and d = Accuracy
to verify whether x4, is aligned with z,.,,. However, measuring accuracy does not allow
instance-level evaluations. By leveraging the output probabilities of the oracle (concerning
the concept label y.), we can estimate the deviations associated with each generated image

Tgen W.I.L the output probabilities of real target images x,.q;. Concept Confidence Deviation

is defined as:

oo =B B [Flulegm) - B Flolara)]| @

Tgen

CCD first calculates the mean target probability on the test ground truth images and then
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Domainpacs ObjectSimageNet Compositional Reasoning

Models

DINO (1) KID () ccbp()) H.S.(1) DINO (1) KID () ccp()) H.S.(1) CLIP (1) ccp(l) H.S.(1)
TI (LDM) 0.5073 0.0117 0.0478  4.028 0.4708 0.0552  0.0955  4.069 0.6611 0.1684  2.851
TI (SD) 0.4104 0.0422 0.2456  4.084 0.4457 0.0294  0.0472  4.159 0.6309 0.1432  3.694
DB 0.3925 0.1101  0.6825 3.083 0.4525 0.0290 0.0678  4.075 0.6919 0.0344  3.556
CD 0.3956 0.0593 0.6206  3.164 0.4450 0.0492  0.2085 3.803 0.6968 0.0232  4.178
Correlation  0.6557  -0.8252 -0.9515  1.000 0.2787  -0.5347 -0.9892  1.000 0.3486  -0.7342  1.000

Table 2.4: Human Evaluations. Comparison of prior quantitative metrics and CCD metric
with Human evaluations. DINO based pairwise cosine similarity is the prior evaluation
metric [222]. KID was used to measure the overfitting by [128]. CLIP (CLIPScore) is
the traditional reference-free image-text similarity metric. CCD is our presented concept
deviation-aware evaluation metric. H.S. denotes the corresponding Human Score. Here,
Domainpacs and Objectimagene: €valuations are for concept alignment and composition
alignment is for image-text similarity. A high negative correlation between CCD and human
ratings implies strong alignment, as lower CCD and higher human ratings correspond to
better performance.

PACS ImageNet
Model
Domain Object Composition
TI (LDM) 72.84 64.53 58.28
TI (SD) 52.25 70.79 65.42
DB 24.71 67.45 39.42
CD 20.12 52.06 26.31

Table 2.5: Regall. Percentage of generated images highly aligned (CCD <= 0.0) with the
target concept images.

measures the difference in probability of the generated images. CCD with negative or close
to 0.0 values indicates that the generated images closely follow the distribution of the ground
truth concept images. A positive CCD value suggests that the generated images deviate from
the original distribution. Figure 2.3 shows an intuitive example of CCD by calculating the
distance between two probability densities corresponding to the real and generated target

concept.

2.3.7 Task Specific Evaluation Settings

To efficiently leverage the CONCEPTBED evaluation pipeline, we trained separate

oracles on the corresponding CONCEPTBED datasets. Two different types of evaluations
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are conducted, each with its respective set of oracles: 1) concept alignment, measured by

concept classifiers, and 2) compositional reasoning, measured by a VQA model.

Concept Alignment. Concept alignment evaluation was performed on all tasks, including
the generated concept images with different composite text prompts. To evaluate the style, a
ResNet18 [87] model is trained to distinguish the images between four style concepts. To
evaluate the objects, a ConvNeXt [158] model is fine-tuned on 80 classes from the CON-
CEPTBED using the ImageNet training subset. The Concept Embedding Model (CEM) [308]
was trained on CUB to detect the concepts and attributes. Images corresponding to the
concepts were generated for each task by following the prompts: “A photo of V*" for

*n

objects and “A photo of a <entity-name> in the style of V" for styles. Here, <entity-name>
belongs to the seven classes from PACS. The remaining task, composition, utilizes the same
pre-trained ConvNeXt model for concept alignment, as CONCEPTBED compositions are

specifically for 80 ImageNet concepts.

Compositional Reasoning. To measure the image-text alignment with respect to the input
prompts, the concept-specific token (V*) was removed and replaced with the corresponding
ground truth label (i.e., dogs, cats, etc.). The image-text similarity was then measured.
Unlike previous works, CLIP was not used due to its inability to capture compositions [262].
Instead, taking after [42], we propose to use a pre-trained VILT [118] as a VQA model for
composition evaluations. Specifically, from each composite prompt, the boolean questions
with positive answers are generated [12]. As ViLT is essentially a classifier, the CCD can be

calculated with respect to the confidence of the model associated with a “yes" answer.
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2.4 Experiments & Results

In this section, we benchmark four state-of-the-art concept learning methodologies. We
first explain the experimental setup and report the evaluation results using the CONCEPTBED
framework along with human preferences. Additional details about the experimental setup,

results, and human evaluations are in the appendix.

2.4.1 Experimental Setup

In our experiments, we study four text-conditioned diffusion modeling-based concept
learning strategies: Textual Inversion (TT) on LDM and SD, DreamBooth (DB) [222], and
Custom Diffusion (CD) [128]. We generate N = 100 images for all concepts to measure
the concept alignment and N = 3 images for 33K composite text prompts. For a total of
284 concepts, we train all four baselines. This leads to 1100+ concept-specific fine-tuned
models and we generate a total of 500, 000 images for evaluations. To show the stability of

CCD, we report the mean performance across the three seeds of oracle training.

Hyper-Parameter Textual Inversion (LDM) Textual Inversion (SD) DreamBooth Custom Diffusion
Base Model LDM Stable Diffusion - v1.5  Stable Diffusion - v1.5 Stable Diffusion - v1.5
Optimized %A %A UNet V* + CrossAtten(k,v)
Optimization Steps 3000 3000 400 250
Learning Rate Se-4 Se-4 Se-6 le-5
Place-Holder Token * <object> sks <new1>
Regularizer - - v v
Regularization Images - - 200 200

# if inference steps 50 50 50 50
Guidance Scale 7.5 7.5 7.5 7.5

Noise Scheduler - PNDMScheduler PNDMScheduler PNDMScheduler

Table 2.6: The table summarizes the different hyper-parameter settings for all baselines
considered in this work to help the reproducibility of results.

Table 2.6 presents the hyperparameter details for the baseline methodologies employed in
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Hyper-parameters | Domainpacs ObjectimageNet Fine-Grainedcyg Compositions
Model Architecture ResNet18 ConceNeXt-base - ViLT
Pre-training Dataset | ImageNet ImageNet - MSCOCO, GCC, SBU, VG
# of target concepts 4 80 200/112 1

Objective Function NLL NLL (w outlier exposure) NLL NLL

Table 2.7: This table summarizes the different hyper-parameters used for Oracles. We first
take the pre-trained model weights and then fine-tune them on target concepts from the
CONCEPTBED dataset. Here, NLL refers to the Negative Log-Likelihood.

our benchmarking process. To ensure fair comparisons, we generate images for all concepts
using the same number of inference steps and guidance scale. Specifically, Textual Inversion
(SD), DreamBooth, and Custom Diffusion utilize the Stable Diffusion V1.5 pre-trained
model ! . Regarding Textual Inversion, we explore two variants: 1) Latent Diffusion Model-
based, and 2) Stable Diffusion-based. By incorporating different pre-trained models, we aim
to investigate their impact on learning novel concepts, and our findings reveal significant
differences. For instance, Textual Inversion (LDM) outperforms Textual Inversion (SD)
when learning style as a concept, while the SD version excels in adapting object-level
concepts.

Table 2.7 outlines the hyperparameter settings for each oracle. It is important to note
that we can employ any type of classifier as an oracle, as elaborated in the subsequent
section. In our approach, we initially take pre-trained models and further, fine-tune them on
concepts using the negative log-likelihood objective. However, it is well-established that
classifiers may exhibit misclassification tendencies with high confidence. To address this,

for Objectsimagene, We additionally incorporate an outlier-exposure objective function [90].

'https://huggingface.co/runwayml/stable-diffusion-v1-5
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2.4.2 Human Annotations

To evaluate the effectiveness of our CONCEPTBED evaluation framework, we conducted
human evaluations consisting of three distinct studies: object-based concept similarity, style-
based concept similarity, and traditional image-text similarity for evaluating compositions.
For the object and style-based concept similarity, we asked participants to rate the likelihood
of the target image being the same as three reference images on a scale of 1 to 5. A rating
of 1 indicated the least similarity, while a rating of 5 indicated an exact match in terms of
concept. We ensured that human annotators did not compare generated images from different
concept learning strategies; instead, they rated each image independently. Regarding the
composition evaluation, we simply asked annotators to rate the image-text similarities on the
same 1-5 scale, with 1 representing the least similarity and 5 representing an exact match.
Figures 2.7, 2.8, and 2.9 present screenshots of the MTurk interface used for each type of
human evaluation.

To ensure comprehensive coverage, we randomly selected 100 generated images and
obtained evaluations from three unique workers for each image. This resulted in a total of 900
evaluations from human annotators. To assess the relationship between human evaluations
and various baseline evaluation metrics, as well as our CCD method, we computed Pearson’s
correlation. Our findings indicate a strong correlation between the human evaluations

and our CCD evaluation metric.

2.4.3 Results

Concept Alignment. Table 3.1 shows the overall performance of the baselines in terms
of CCD, where lower score indicates better performance. First, we can observe that CCD
for concept alignment is low for the original images; suggesting that the oracle is certain

about its predictions. Second, it can be inferred that Custom Diffusion performs poorly,
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while Textual Inversion (SD) outperforms the other methodologies except for the case of the
learning styles. We attribute this behavior to differences in textual encoders. LDM trains the
BERT-style textual encoder from scratch while SD uses pre-trained CLIP to condition the
diffusion model. CLIP contains vast image-text knowledge leading to better performance
on learning objects but less flexibility to learn different styles as a concept. Surprisingly,
if we compare the concept alignment performance with and without composite prompts,
we observe that the performance further drops significantly for all baseline methodologies
when composite prompts are used. This shows that existing concept learning methodologies

find it difficult to maintain the concepts whenever the prompt contains the composition.

Compositional Reasoning. Previously, we discussed concept alignment on composite
prompts. Table 2.3 summarizes the evaluations on composition tasks. Here, we observe
the complete opposite trend in results. Custom Diffusion outperforms the other approaches
across the composition categories. This result shows the trade-off between learning concepts
and at the same time maintaining compositionality in recent concept learning methodologies.
Moreover, CLIPScore estimates the better performance of the baselines compared to the

original image-text pairs which are inaccurate.

Qualitative Results. Figure 2.6 provides the qualitative examples of the concept learning.
It can be inferred that Textual Inversion (LDM) learns the sket ch concept very well (the
first row), while DreamBooth and Custom Diffusion struggle to learn it. All baselines
perform comparatively well in reproducing the learned concept (the second row). Inter-
estingly, in the case of compositions, DreamBooth and Custom Diffusion perform well
with the cost of losing the concept alignment (the last two rows). At the same time, textual
inversion approaches cannot reproduce the compositions (like, “Two V*”) but they maintain

concept alignment. Overall, these qualitative examples align with our quantitative results
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and strengthen our evaluation framework.

Human Evaluations. We perform Human Evaluations using Amazon Mechanical Turk
for both types of evaluations: 1) concept alignment — to measure the alignment between
generated images and ground truth reference images on Domainpscs and Objectypagenet, and
2) compositional reasoning — to measure the image-text alignment. For concept alignment,
we ask human annotators to rate the likelihood of the target image the same as three
reference images. While for compositional reasoning we simply ask the annotators to rate
the likelihood alignment of the image and the corresponding caption. Table 2.4 summarizes
the performance of prior and proposed (CCD) quantitative metrics w.r.¢. the Human Score.
KID performs better for domains than objects as image dynamics varies a lot in domains.
[128] proposed to use KID with LAION-retrieved concept images as a reference instead of
ground truth due to the scarcity of reference images. However, CONCEPTBED alleviates
this limitation. Therefore, we use actual ground truth images to report KID which is more
accurate. It can be inferred that the CCD is strongly correlated with human preferences and
outperforms the prior evaluation metrics by a large amount.

Figure 2.10 presents qualitative examples showcasing the performance of various base-
line methods across different style concepts. Notably, the textual inversion methods demon-
strate limitations in preserving object-specific features and accurately learning the desired
style. Furthermore, both DreamBooth and Custom Diffusion exhibit challenges in effec-
tively capturing and reproducing the intended styles. In Figure 2.11, we delve into the
object-specific learned concepts obtained through the baseline methodologies. Notably,
Custom Diffusion struggles in acquiring and comprehending new concepts, thus explaining
its relatively lower performance in terms of concept alignment. To gain further insights,
Figure 2.12 offers a comparison of the generated images using Custom Diffusion at different

random seeds. The results indicate that Custom Diffusion successfully generates the learned
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Models ConvNeXt Inception ViIiT  Few-Shot

TI (LDM) 0.0955 0.0773  0.1165 | 0.0823

TI (SD) 0.0472 0.0201 0.0599 | 0.0489
DB 0.0678 0.0485  0.0786 | 0.0596
CD 0.2085 0.1845  0.2286 | 0.1384

Correlation -0.9892 -0.9888 -0.9816 | -0.9763

Table 2.8: Ablation. Effect of different oracle models to measure concept alignment using
CCD.

concepts in three out of four instances. However, when tasked with generating concept-
specific images based on composite text prompts, Custom Diffusion struggles to maintain

fidelity to the learned concept.

Percentage of highly aligned instances. Using CCD, we can further measure the recall
of the concept learning models. DINO and KID metrics do not allow us to measure the
recall. Hence, it becomes hard to investigate the actual quality of the generated images.

Table 2.5 shows the recall (222mple withccb<=0.0 1)) for the concept alignment shown in

total samples

Table 3.1. It can be inferred that Custom-Diffusion can work once in every four generation
attempts. While Textual Inversion will work at least once in every two attempts. At the same
time, when composition prompts are provided, Textual Inversion consistently maintains the

concept alignment at the cost of achieving the composition alignment.

Generalization. Fine-tuned oracles cannot be generalized to unseen concepts, making CCD
unreliable on OOD concepts. Hence, we propose to utilize a few-shot classifier (5-way
5-shot) instead, which can allow the generalization to unseen concepts while maintaining a
high correlation (shown in Table 4.9). This shows the effectiveness of using confidence and

CCD as the alternative to the DINO, KID, and CLIP.

Different Confidence Measures Table 2.9 presents a comprehensive comparison of

various confidence quantification metrics employed in Out-Of-Distribution (OOD) detection.
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Notably, all these metrics outperform the baseline metrics DINO and KID, as evidenced
by their consistently high correlation scores, reaching an absolute high correlation of at
least 0.9. This implies that our evaluation framework supports multiple metrics to measure
the alignment as we are performing supervised learning to train the oracles. Importantly,
Accuracy and ECE measure the performance of a large collection of generated images.
While MSP and CCD measure the performance at the instance level, which is more useful in
practical scenarios where we don’t have access to a lot of generated images to estimate the
performance. Although MSP also achieves a high correlation, in some cases, there might be
a chance that an oracle can predict the wrong class with high confidence (as it is class-label
independent). For instance, MSP on domain alignment leads to only a 0.14 correlation with
human preferences. Hence, conditional probability is important to measure the instance-
level alignment. It is worth noting that the negative sign in the correlation coefficients stems
from the inherent differences between the nature of these metrics. Specifically, lower values
of CCD, and ECE indicate better performance, while higher scores in human evaluations

indicate superior performance.

Choice of Classifiers for Oracles. In Table 2.10, we explore the impact of utilizing
different types of classifiers as oracles. Our analysis encompasses four distinct classifiers,
each characterized by an increasing number of parameters. Intriguingly, the choice of
classifier appears to have a negligible effect, as CCD consistently demonstrates strong

correlations with human scores, surpassing a Pearson’s correlation of at least —0.98.

2.5 Conclusion

In this paper, we introduce a novel benchmark called CONCEPTBED designed to as-
sess the efficacy of text-conditioned diffusion models in learning new concepts (a.k.a.

personalized T2I). The CONCEPTBED benchmark encompasses an end-to-end evaluation
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Models Accuracy (1) MSP (1) ECE(]) ccD(l)

Textual Inversion (LDM) 80.07% 0.8734 0.0755 0.0955

Textual Inversion (SD) 84.30% 0.9022 0.0623 0.0472
DreamBooth 83.17% 0.8923 0.0647 0.0678
Custom Diffusion 69.73% 0.8311 0.1382  0.2085
Original 89.31% 0.9276 0.0436  -0.0000

Table 2.9: This table summarizes the results using different existing confidence quantifica-
tion metrics on CONCEPTBED dataset on 80 concepts from ImageNet. Here, MSP refers to
the Maximum Softmax Probability and ECE refers to Expected Calibration Error.

Models ResNetl8 Inception-V4 ViT-Large ConvNeXt
Textual Inversion (LDM) 0.0107 0.0773 0.1165 0.0955
Textual Inversion (SD) -0.0100 0.0201 0.0599 0.0472
DreamBooth 0.0214 0.0485 0.0786 0.0678
Custom Diffusion 0.1538 0.1845 0.2286 0.2085
original 0.0000 0.0000 0.0000 0.0000

Table 2.10: This table summarizes the CCD performance based on the different types of
classifiers across the parameters range.

pipeline, a comprehensive concept library, and a novel Concept Confidence Deviation (CCD)
evaluation metric. We conduct evaluations based on two key criteria: concept alignment
and composition alignment. Through extensive experiments, we demonstrate that existing
text-conditioned diffusion model-based concept learners exhibit significant limitations in
their performance. We perform human evaluations to validate the effectiveness of our
proposed evaluation metric (CCD), which showcases a strong correlation with human pref-

erences. This finding positions CCD as a viable alternative to human judgments, enabling

Table 2.11: List of all concepts from CONCEPTBED library based on their data source.
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large-scale and comprehensive evaluations. CONCEPTBED represents the first large-scale
concept-learning dataset that facilitates precise and accurate evaluations of personalized

text-to-image generative models.

39



Input Reference Textual Inversion  Textual Inversion
Concepts: V* (LDM) _ (SD)

DreamBooth Custom Diffusion

Cat is in the V*.

Figure 2.6: Qualitative examples showcasing the effectiveness of concept learners on the
CONCEPTBED dataset. The leftmost column displays four instances of ground truth target
concept images (V*). Subsequent columns exhibit target concept-specific images generated
by all baseline methods.
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Concept Action Attribute Counting Relation Overall

laptop 17 18 2 40 52
tow_truck 97 348 35 409 645
hand-held_computer 17 18 2 40 52
gorilla 9 11 0 11 19
chimpanzee 9 11 0 11 19
pickup 97 348 35 409 645
yawl 116 178 36 466 567
beagle 380 807 24 496 1222
bulbul 62 270 11 142 374
spider_monkey 9 11 0 11 19
borzoi 380 807 24 496 1222
analog_clock 1 61 10 71 109
letter_opener 11 10 0 21 31
water_ouzel 62 270 11 142 374
web_site 17 18 2 40 52
garbage_truck 97 348 35 409 645
bloodhound 380 807 24 496 1222
basset 380 807 24 496 1222
proboscis_monkey 9 11 0 11 19
Dutch_oven 58 85 13 111 194
fireboat 116 178 36 466 567
black-and-tan_coonhound 380 807 24 496 1222
speedboat 116 178 36 466 567
beach_wagon 98 213 17 363 497
airliner 4 8 2 11 20
titi 9 11 0 11 19
marmoset 9 11 0 11 19
beer_bottle 1 9 0 14 20
magpie 62 270 11 142 374
Irish_wolfhound 380 807 24 496 1222
lifeboat 116 178 36 466 567
brambling 62 270 11 142 374
rotisserie 58 85 13 111 194
junco 62 270 11 142 374
ambulance 98 213 17 363 497
gondola 116 178 36 466 567
tabby 424 992 42 727 1592
cleaver 11 10 0 21 31
limousine 98 213 17 363 497
desktop_computer 17 18 2 40 52
colobus 9 11 0 11 19
house_finch 62 270 11 142 374
chickadee 62 270 11 142 374
cab 98 213 17 363 497
notebook 17 18 2 40 52
squirrel_monkey 9 11 0 11 19
digital_clock 1 61 10 71 109
canoe 116 178 36 466 567

Table 2.12: This table (part 1 or 2) shows the composition statistics by categories. Here,
overall means the unique compositions per concept and less than or equal to the sum of all
four compositions as one composite prompt can belong up to two composition categories.
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Concept Action Attribute Counting Relation Overall

indri 9 11 0 11 19
English_foxhound 380 807 24 496 1222
airship 4 8 2 11 20
capuchin 9 11 0 11 19
tiger_cat 424 992 42 727 1592
bluetick 380 807 24 496 1222
Afghan_hound 380 807 24 496 1222
moving_van 97 348 35 409 645
jay 62 270 11 142 374
police_van 97 348 35 409 645
howler_monkey 9 11 0 11 19
langur 9 11 0 11 19
gibbon 9 11 0 11 19
redbone 380 807 24 496 1222
organ 3 24 12 41 68
slide_rule 17 18 2 40 52
goldfinch 62 270 11 142 374
pill_bottle 1 9 0 14 20
siamang 9 11 0 11 19
convertible 98 213 17 363 497
baboon 9 11 0 11 19
walker_hound 380 807 24 496 1222
guenon 9 11 0 11 19
indigo_bunting 62 270 11 142 374
grand_piano 3 24 12 41 68
fire_engine 97 348 35 409 645
robin 62 270 11 142 374
macaque 9 11 0 11 19
orangutan 9 11 0 11 19
jeep 98 213 17 363 497
patas 9 11 0 11 19
Madagascar_cat 9 11 0 11 19

Table 2.13: This table (part 2 or 2) shows the composition statistics by categories. Here,
overall means the unique compositions per concept and less than or equal to the sum of all
four compositions as one composite prompt can belong up to two composition categories.
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Figure 2.7: An example of human annotation for determining the concept alignment for
object-specific concepts.
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Figure 2.8: An example of human annotation for determining the concept alignment for
style-specific concepts.
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Figure 2.9: The example of Human Annotation for determining the image-text alignment.
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Input Reference Concepts: V*  Textual Inversion (LDM)  Textual Inversion (SD) DreamBooth Custom Diffusion

A photo of a person in the style of V*

Figure 2.10: Qualitative examples of the style-specific four concepts.
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A photo of V*

Input Reference Concepts: V*  Textual Inversion (LDM)  Textual Inversion (SD) DreamBooth Custom Diffusion
ﬂ M
A photo of V*

m
A photo of V* : |
g, =

A photo of V*

Figure 2.11: Qualitative examples of the object-specific four concepts.
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Figure 2.12: Qualitative examples from Custom Diffusions at different random seeds. The
leftmost four figures are the target concept images. Top-Right four images are object-specific
generated images. While Bottom-Right four generated images are on different composite
text prompts.
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Chapter 3

A RESOURCE-EFFICIENT TEXT-TO-IMAGE PRIOR FOR IMAGE GENERATIONS

3.1 Introduction

Diffusion models [247, 96, 211, 216] have demonstrated remarkable success in gener-
ating high-quality images conditioned on text prompts. This Text-to-Image (T2I) gener-
ation paradigm has been effectively applied to various downstream tasks such as subject
/ segmentation / depth-driven image generation [32, 36, 191, 72, 142]. Central to these
advancements are two predominant text-conditioned diffusion models: Latent Diffusion
Models (LDM) [216], also known as Stable Diffusion, and unCLIP models [211]. The
LDM, notable for its open-source availability, has gained widespread popularity within
the research community. On the other hand, unCLIP models have remained under-studied.
Both model types fundamentally focus on training the diffusion models conditioned on text
prompts. The LDM contains a singular text-to-image diffusion model, while unCLIP models
have a text-to-image prior, and a diffusion image decoder. Both model families work within
the vector quantized latent space of the image [266]. In this paper, we focus on unCLIP
models because they consistently outperform other SOTA models in various composition
benchmarks such as T2I-CompBench [100] and HRS-Benchmark [10].

These T2I models, typically large in parameter count, require massive amounts of high-
quality image-text pairs for training. unCLIP models like DALL-E-2 [211], Karlo [55],
and Kandinsky [214], feature prior module containing approximately 1 billion parameters,
resulting in a significant increase in overall model size (> 2B) compared to LDMs. These
unCLIP models are trained on 250M, 115M, and 177M image-text pairs, respectively.

Therefore, two critical questions remain: 1) Does the incorporation of a text-to-image
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Figure 3.1: Comparison between SOTA text-to-image models with respect to their total
number of parameters and the average performance on the three composition tasks (color,
shape, and texture). ECLIPSE achieves better results with less number of parameters without
requiring a large amount of training data. The shown ECLIPSE trains a T2I prior model
(having only 33M parameters) using only SM image-text pairs with Kandinsky decoder.

prior contribute to SOTA performance on text compositions? 2) Or is scaling up model
size the key factor? In this study, we aim to deepen the understanding of T2I priors and
propose substantial enhancements to existing formulations by improving parameter and data

efficiency.

As proposed by Ramesh et al. [211], T2I priors are also diffusion models, which are

designed to directly estimate the noiseless image embedding at any timestep of the diffusion
process. We perform an empirical study to analyze this prior diffusion process. We find
that this diffusion process has a negligible impact on generating accurate images and having
the diffusion process slightly hurts the performance. Moreover, diffusion models require
substantial GPU hours for training due to the slower convergence. Therefore, in this work,
we use the non-diffusion model as an alternative. While this approach may reduce the

compositional capabilities due to the absence of classifier-free guidance [97], it significantly
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enhances parameter efficiency and decreases the dependencies on the data.

To overcome the above limitations, in this work, we introduce ECLIPSE, a novel
contrastive learning strategy to improve the T2I non-diffusion prior. We improve upon
the traditional method of maximizing the Evidence Lower Bound (ELBO) for generating
the image embedding from the given text embedding. We propose to utilize the semantic
alignment (between the text and image) property of the pre-trained vision-language models
to supervise the prior training. Utilizing ECLIPSE, we train compact (97% smaller) non-
diffusion prior models (having 33 million parameters) using a very small portion of the
image-text pairs (0.34% - 8.69%). We train ECLIPSE priors for two unCLIP diffusion
image decoder variants (Karlo and Kandinsky). The ECLIPSE-trained priors significantly
surpass baseline prior learning strategies and rival the performance of 1 billion parameter
counterparts. Our results indicate a promising direction for T2I generative models, achieving
better compositionality without relying on extensive parameters or data. As illustrated in
Fig. 3.1, by simply improving the T2I prior for unCLIP families, their overall parameter
and data requirements drastically reduce and achieve the SOTA performance against similar

parameter models.

Contributions. 1) We introduce ECLIPSE, the first attempt to employ contrastive learning
for text-to-image priors in the unCLIP framework. 2) Through extensive experimentation,
we demonstrate ECLIPSE’s superiority over baseline priors in resource-constrained environ-
ments. 3) Remarkably, ECLIPSE priors achieve comparable performance to larger models
using only 2.8% of the training data and 3.3% of the model parameters. 4) We analyze and

offer empirical insights on the shortcomings of T2I diffusion priors.

3.2 Related Works

Text-to-Image Generative Models. Advancements in vector quantization and diffusion

modeling have notably enhanced text-to-image generation capabilities. Notable works
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like DALL-E [212] have leveraged transformer models trained on quantized latent spaces.
Contemporary state-of-the-art models, including GLIDE [181], Latent Diffusion Model
(LDM) [216], DALL-E-2 [211], and Imagen [226], have significantly improved over earlier
approaches like StackGAN [313] and TReCS [121]. As these models achieve remarkable
photorealism, several works focus on making T2I models more secure [111, 68, 183, 115].
LDM models primarily focus on unified text-to-image diffusion models that incorporate
the cross-attention layers [216]. Additionally, several studies aim at refining Stable Dif-
fusion models during inference through targeted post-processing strategies [32, 36, 203].
In contrast, unCLIP models, exemplified by DALL-E-2 [110], Karlo [55], and Kandin-
sky [214], incorporate a two-step process of text-to-image diffusion transformer prior model
and diffusion image decoder having the same model architecture as LDMs. Recent bench-
marks have highlighted the superior compositional capabilities of DALL-E-2 over LDM
methods [100, 10]. Our work examines and enhances existing prior learning strategies in

open-source pre-trained unCLIP models, Karlo and Kandinsky.

Efficient Text-to-Image Models. The current generation of T2I models is characterized
by extensive parameter sizes and demanding training requirements, often necessitating
thousands of GPU days. Research efforts have primarily centered on model refinement
through knowledge distillation, step distillation, and architectural optimization [143, 228,
164]. Wiirstchen [200] presents an efficient unCLIP stack requiring less training time.
Concurrently, Pixart-« [35] leverages pre-trained Diffusion-Transformers (DiT) [197] as
base diffusion models, further reducing training time. Distinctively, ECLIPSE focuses on
refining text-to-image priors within the unCLIP framework using a mere 3.3% of the original
model parameters, thereby significantly reducing the training duration to approximately
50 GPU hours. Our work falls orthogonal to the existing efficient T2I methodologies that
mainly focus on knowledge and step distillation, and/or architectural compression. When

integrated with these model compression strategies, ECLIPSE can position the unCLIP
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family models as a compact yet highly accurate and efficient methodology.

Contrastive Learning in Generative Models. Contrastive learning, traditionally applied
in visual discriminative tasks, has seen utilization in image-text alignment models like
CLIP [210], LiT [310], and SigLIP [309]. However, its application in generative models,
particularly in Generative Adversarial Networks (GANs), remains limited [328, 1