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ABSTRACT

The intersection of vision and language models has paved the way for ground-
breaking advancements in artificial intelligence, enabling systems to comprehend
and generate multimodal content with unprecedented sophistication. This disser-
tation presents a comprehensive study on enhancing the capabilities of vision-
language models (VLMs) with a focus on three critical dimensions: reasoning,
scaling, and generating. Through an innovative amalgamation of deep learning
techniques, this research advances the understanding and application of VLMs in
performing complex reasoning tasks, scaling to accommodate diverse and large-
scale datasets, and generating coherent and contextually relevant multimodal out-
puts.

Firstly, the dissertation introduces a novel framework for augmenting VLMs
with enhanced reasoning capabilities, allowing them to infer and deduce infor-
mation from visual and textual cues in a manner akin to human cognitive pro-
cesses. Specifically, we study the problem of concept induction in visual reason-
ing, i.e., identifying concepts and their hierarchical relationships from question-
answer pairs associated with images; and we achieve an interpretable model via
working on the induced symbolic concept space. To this end, we first design a
new framework named object-centric compositional attention model (OCCAM)
to perform the visual reasoning task with object-level visual features. Then, we
come up with a method to induce concepts of objects and relations using clues
from the attention patterns between objects’ visual features and question words.
Finally, we achieve a higher level of interpretability by imposing OCCAM on the
objects represented in the induced symbolic concept space. Experiments on the
CLEVR and GQA datasets demonstrate: 1) our OCCAM achieves a new state of
the art without human-annotated functional programs; 2) our induced concepts
are both accurate and sufficient as OCCAM achieves an on-par performance on
objects represented either in visual features or in the induced symbolic concept
space.
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Secondly, the dissertation addresses the challenge of scaling VLMs, both in
terms of model architecture and data handling. We propose a multi-task model
architecture that improve performances for multiple downstream video tasks in-
cluding temporal action localization, moment retrieval, and action segmentation.
While large-scale image-text pretrained models such as CLIP have been used for
multiple video-level tasks on trimmed videos, their use for temporal localization
in untrimmed videos is still a relatively unexplored task. We design a new ap-
proach for this called UnLoc, which uses pretrained image and text towers, and
feeds tokens to a video-text fusion model. The output of the fusion module are
then used to construct a feature pyramid in which each level connects to a head to
predict a per-frame relevancy score and start/end time displacements. Unlike pre-
vious works, our architecture enables Moment Retrieval, Temporal Localization,
and Action Segmentation with a single stage model, without the need for action
proposals, motion based pretrained features or representation masking. Unlike
specialized models, we achieve state of the art results on all three different local-
ization tasks with a unified approach.

Lastly, the dissertation delves into the generation capabilities of VLMs, present-
ing methodologies for creating accurate and diverse visual content in accordance
with textual descriptions. We explore advancements in high-fidelity personalized
image generation through the utilization of pre-trained text-to-image diffusion
models. While previous approaches have made significant strides in generating
versatile scenes based on text descriptions and a few input images, challenges per-
sist in maintaining the subject fidelity within the generated images. In this work,
we introduce an innovative algorithm named HiFi Tuner to enhance the appear-
ance preservation of objects during personalized image generation. Our proposed
method employs a parameter-efficient fine-tuning framework, comprising a de-
noising process and a pivotal inversion process. Key enhancements include the
utilization of mask guidance, a novel parameter regularization technique, and the
incorporation of step-wise subject representations to elevate the sample fidelity.
Additionally, we propose a reference-guided generation approach that leverages
the pivotal inversion of a reference image to mitigate unwanted subject varia-
tions and artifacts. We further extend our method to a novel image editing task:
substituting the subject in an image through textual manipulations. Experimen-
tal evaluations conducted on the DreamBooth dataset using the Stable Diffusion
model showcase promising results. Fine-tuning solely on textual embeddings im-
proves CLIP-T score by 3.6 points and improves DINO score by 9.6 points over
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Textual Inversion. When fine-tuning all parameters, HiFi Tuner improves CLIP-T
score by 1.2 points and improves DINO score by 1.2 points over DreamBooth,
establishing a new state of the art.

This dissertation represents a significant step forward in the quest to build more
intelligent vision-language models, offering insights and tools that will fuel future
innovations in the field.

iv



To my parents, for their love and support.

v



ACKNOWLEDGMENTS

Completing this dissertation has been a monumental journey, and it would not
have been possible without the support and encouragement of many people. First
and foremost, I extend my deepest gratitude to my supervisors, Mark Hasegawa-
Johnson, Humphrey Shi and Thomas Huang, whose expertise, understanding, and
patience, added considerably to my graduate experience. They not only provided
academic guidance but also encouraged me to challenge myself and explore un-
charted territories in my research field. The time spent discussing concepts, re-
viewing drafts, and strategizing on research directions have been pivotal in shap-
ing this work.

I am also profoundly thankful to my dissertation committee, comprised of Prof.
Mark Hasegawa-Johnson, Prof. Humphrey Shi, Prof. Lav Varshney and Dr. Wei
Wei. Each member brought a unique perspective and expertise that enriched my
understanding and approach to my research topic. Their rigorous feedback pushed
me to refine my arguments and deepen my analysis.

My sincere thanks also go to members of Image Formation Group (IFP). I re-
member spending days and nights doing experiments with them in the lab. They
provided tremendous emotional support to my research.

I must express my very profound gratitude to my family for providing me with
unfailing support and continuous encouragement throughout my years of study
and through the process of researching and writing this dissertation. This accom-
plishment would not have been possible without them. I want to thank my father,
Renkun Wang, and my mother, Wei Lu, for believing in me.

This journey has been a test of perseverance, patience, and hard work, and I am
grateful for the opportunity to learn and grow in this process.

vi



TABLE OF CONTENTS

CHAPTER 1 INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . 1

CHAPTER 2 RELATED WORKS . . . . . . . . . . . . . . . . . . . . . 6
2.1 Visual Question Answering (VQA) . . . . . . . . . . . . . . . . . 6
2.2 Scene Graph Grounding . . . . . . . . . . . . . . . . . . . . . . 6
2.3 Model Interpretability . . . . . . . . . . . . . . . . . . . . . . . . 6
2.4 Visual Concept Learning . . . . . . . . . . . . . . . . . . . . . . 7
2.5 Temporal Action Localization (TAL) . . . . . . . . . . . . . . . . 7
2.6 Moment Retrieval (MR) . . . . . . . . . . . . . . . . . . . . . . 8
2.7 Action Segmentation (AS) . . . . . . . . . . . . . . . . . . . . . 8
2.8 Subject-driven text-to-image generation . . . . . . . . . . . . . . 8
2.9 Text-guided image editing . . . . . . . . . . . . . . . . . . . . . 9

CHAPTER 3 INTERPRETABLE VISUAL REASONING VIA IN-
DUCED SYMBOLIC SPACE . . . . . . . . . . . . . . . . . . . . . . 10
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10
3.2 OCCAM: Object-Centric Visual Reasoning . . . . . . . . . . . . 12
3.3 Concept Induction and Reasoning . . . . . . . . . . . . . . . . . 15
3.4 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22
3.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

CHAPTER 4 UNLOC: A UNIFIED FRAMEWORK FOR VIDEO
LOCALIZATION TASKS . . . . . . . . . . . . . . . . . . . . . . . . 28
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
4.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
4.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
4.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

CHAPTER 5 HIFI TUNER: HIGH-FIDELITY SUBJECT-DRIVEN
FINE-TUNING FOR DIFFUSION MODELS . . . . . . . . . . . . . . 45
5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
5.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
5.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
5.4 Discussions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59
5.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

vii



CHAPTER 6 CONCLUSIONS AND FUTURE WORKS . . . . . . . . . 61

APPENDIX A APPENDIX TO INTERPRETABLE VISUAL REA-
SONING VIA INDUCED SYMBOLIC SPACE . . . . . . . . . . . . . 64
A.1 Details of compositional reasoning frameworks . . . . . . . . . . 64
A.2 Implementation details . . . . . . . . . . . . . . . . . . . . . . . 65
A.3 Visualization of the induced concept hierarchy . . . . . . . . . . . 65
A.4 Multi-modal concept analogy . . . . . . . . . . . . . . . . . . . . 66
A.5 Derivation from the concept interpretation . . . . . . . . . . . . . 66
A.6 Visualization of reasoning steps . . . . . . . . . . . . . . . . . . 69
A.7 Human study . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
A.8 Error analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

APPENDIX B APPENDIX TO HIFI TUNER: HIGH-FIDELITY SUBJECT-
DRIVEN FINE-TUNING FOR DIFFUSION MODELS . . . . . . . . . 77
B.1 Algorithm of optimizing Tθ . . . . . . . . . . . . . . . . . . . . . 77
B.2 Results for personalized subject replacement . . . . . . . . . . . . 77

REFERENCES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

viii



CHAPTER 1

INTRODUCTION

This dissertation embarks on an in-depth exploration of the burgeoning field of
Vision-Language Models (VLMs), focusing on three pivotal aspects: reasoning,
scaling, and generating. In an era where artificial intelligence (AI) increasingly
intersects with human life, the development of models that can understand and
interpret the world in ways that mimic human cognitive processes has become
paramount. VLMs, standing at the crossroads of computer vision and natural lan-
guage processing, represent a significant leap forward in this endeavor, offering
unprecedented opportunities to bridge the semantic gap between visual informa-
tion and linguistic expression.

The introduction of VLMs has opened new frontiers in AI, enabling applica-
tions ranging from automated content creation to sophisticated interactive systems
that can engage in meaningful dialogues with users. However, as with any rapidly
advancing technology, the journey is fraught with challenges. This dissertation,
therefore, is dedicated to dissecting these challenges through the lenses of reason-
ing, scaling, and generating—three areas critical to the advancement of VLMs.

First, we delve into the aspect of reasoning, examining how VLMs can be
designed to not only perceive and understand visual and textual information but
also to infer, deduce, and reason over these modalities in a manner that mirrors
human thought processes. The ability to reason allows models to make sense of
complex, ambiguous environments and interact with users in a more intelligent
and contextualized way. We propose a method that induces a symbolic space
alongside a conventional neural network, enabling better interpretability of the
model’s reasoning process.

We begin by highlighting the importance of interpretability in visual reason-
ing models. We argue that while deep learning models have achieved remarkable
performance in various tasks, their decision-making processes often lack trans-
parency. This opacity can be problematic, especially in critical applications such
as healthcare or autonomous vehicles, where understanding the model’s reasoning
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is essential for trust and safety. Therefore, there is a growing need for interpretable
visual reasoning models that can provide insights into their decision-making pro-
cess.

To address this challenge, We propose a new framework that combines neu-
ral networks with a symbolic space. The symbolic space represents high-level
reasoning concepts in a structured and interpretable manner, enabling humans to
understand and interpret the model’s decisions. Unlike traditional neural networks
that operate on raw pixel values, the proposed method learns to map visual inputs
into the induced symbolic space, where reasoning and decision-making occur in
a more interpretable form.

The main idea behind the proposed method is to learn two components simulta-
neously: a neural network for feature extraction and a symbolic space for reason-
ing. The neural network takes raw visual inputs and extracts high-dimensional
feature representations, while the symbolic space encodes high-level concepts
such as object categories, relations, and spatial arrangements. By jointly optimiz-
ing these components, the model learns to perform visual reasoning tasks while
maintaining interpretability through the induced symbolic space.

We evaluate our method on several benchmark visual reasoning datasets, in-
cluding CLEVR and GQA. We compare our approach against baseline models and
demonstrate superior performance in terms of both accuracy and interpretability.
Overall, we present a promising approach to enhance the interpretability of visual
reasoning models by inducing a symbolic space alongside conventional neural
networks. By learning to reason in this structured space, the model can provide
insights into its decision-making process, enabling humans to understand and trust
its outputs. This work represents an important step towards building more trans-
parent and interpretable artificial intelligence systems, with potential applications
in various domains where visual reasoning is critical.

Next, we address the challenge of scaling. As VLMs grow in sophistication, so
too do their demands for computational resources and data. Scaling these models
in a manner that is both efficient and effective is crucial for their practical applica-
tion and further development. We focus on the challenge of video localization - the
ability to accurately identify and classify temporal segments within videos based
on specific criteria or textual queries. Traditional approaches to this task have
often relied on task-specific models, each tailored to address particular aspects
of video localization such as Moment Retrieval, Temporal Action Localization,
or Action Segmentation. While effective to a degree, these specialized models
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often operate in silos, necessitating distinct architectures and training paradigms
for each task. This fragmentation not only complicates the development and de-
ployment of scalable video understanding systems but also limits the potential for
cross-task knowledge transfer and efficiency gains.

We present a framework named UnLoc that reimagines the approach to video
localization through the lens of a unified framework. Motivated by the limitations
of existing methodologies and the untapped potential of large-scale image-text
pretrained models like CLIP, this research endeavors to harness the rich semantic
understanding encapsulated in these models to address the multifaceted challenge
of video localization across different tasks within a single, cohesive architecture.

At the heart of UnLoc lies an innovative architecture that seamlessly integrates
pretrained image and text towers with a video-text fusion model. This fusion
model acts as the cornerstone of UnLoc, enabling the framework to process and
synthesize video and textual information in a manner that is both contextually
aware and temporally precise. The subsequent construction of a feature pyra-
mid from the fusion module’s output represents a novel strategy for capturing and
classifying temporal segments at varying scales, facilitated by a hierarchical ar-
rangement of prediction heads tasked with generating per-frame relevancy scores
and temporal displacements.

This research makes several significant contributions to the field of video con-
tent analysis. Firstly, UnLoc introduces a unified model capable of performing
Moment Retrieval, Temporal Action Localization, and Action Segmentation with-
out the need for task-specific modifications or auxiliary mechanisms such as ac-
tion proposals and representation masking. Secondly, the framework sets new
benchmarks in performance across these tasks, demonstrating the efficacy of a
unified approach over traditional, specialized models.

The implications of UnLoc extend far beyond the technical achievements de-
tailed in this work. By providing a versatile and efficient framework for video
localization, UnLoc paves the way for the development of more intelligent, scal-
able, and cohesive video understanding systems. Such systems have the potential
to revolutionize a wide range of applications, from enhancing security and surveil-
lance operations to enabling more dynamic and context-aware content discovery
and management solutions.

Finally, the dissertation explores generating capabilities of VLMs. The power
of VLMs to create coherent, contextually relevant and novel content—be it textual
descriptions, visual imagery, or a combination thereof—has vast implications for
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creative industries, educational tools, and beyond. In this work, we mainly focus
on the text-to-image generation. Previous works using diffusion models enable
the generation of highly realistic images from textual descriptions. Despite their
success, these models often struggle with maintaining high fidelity to specific
subjects when generating personalized images. We address this issue by proposing
an innovative fine-tuning approach named HiFi Tuner that significantly enhances
the subject fidelity of generated images.

The motivation behind the HiFi Tuner stems from the inherent limitations of
existing text-to-image models. While capable of producing diverse and complex
scenes, these models frequently fail to accurately preserve the appearance and
characteristics of particular subjects across different generated images. This lim-
itation hampers their applicability in scenarios where consistent subject represen-
tation is crucial, such as personalized content creation and digital art generation.

The core contribution of the HiFi Tuner is a novel algorithm designed to im-
prove the preservation of object appearances during personalized image gener-
ation. This method leverages a parameter-efficient fine-tuning framework that
integrates a denoising process and a pivotal inversion process. The innovation
includes the application of mask guidance, a new parameter regularization tech-
nique, and the incorporation of step-wise subject representations to enhance the
fidelity of generated samples. Another critical aspect of the HiFi Tuner is its
reference-guided generation approach. This technique uses the pivotal inversion
of a reference image to control and reduce unwanted variations and artifacts in
the subject of the generated images. This approach is particularly beneficial for
maintaining the consistency and accuracy of subject representation across differ-
ent images.

The HiFi Tuner was rigorously evaluated using the DreamBooth dataset in con-
junction with the Stable Diffusion model. The evaluation focused on comparing
the performance of the HiFi Tuner against established benchmarks such as Textual
Inversion and the original DreamBooth approach. The results were quantified us-
ing the CLIP-T score and DINO score, two metrics that measure the fidelity and
coherence of the generated images in relation to the input descriptions and ref-
erence images. The experiments demonstrated that the HiFi Tuner significantly
outperforms existing methods in terms of subject fidelity. Fine-tuning solely on
textual embeddings resulted in notable improvements over Textual Inversion, with
a 3.6 point increase in the CLIP-T score and a 9.6 point rise in the DINO score.
When fine-tuning all parameters, the HiFi Tuner achieved even better results, sur-

4



passing DreamBooth and setting new state-of-the-art performance levels.
These findings underscore the potential of the HiFi Tuner to redefine the land-

scape of personalized image generation. By enhancing the accuracy and con-
sistency of subject representation, the HiFi Tuner opens up new possibilities for
applications in digital art, personalized content creation, and beyond.

This dissertation aims to contribute to the understanding of VLMs by address-
ing these three critical aspects: reasoning, scaling, and generating. Through a
combination of theoretical analysis, model development, and evaluation, this work
seeks to advance the state of the art in vision-language integration and open new
pathways for future research and application.
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CHAPTER 2

RELATED WORKS

2.1 Visual Question Answering (VQA)

Visual Question Answering (VQA) requires models to reason a question about an
image to infer an answer. Recent VQA approaches can be partitioned into two
groups: holistic models [1, 2, 3, 4, 5] and modular models [6, 7, 8, 9, 10, 11,
12], according to whether the approach has explicit sub-task structures. A typi-
cal holistic model, MAC [5], perform iterative reasoning steps with an attention
mechanism on the image. A modular framework, NS-CL [12], designs multiple
principle functions over the extracted features to explain the reasoning process.

2.2 Scene Graph Grounding

Scene graph grounding requires to construct the relationship among objects in an
image. [13] designs a graph R-CNN model to detect objects and classify relations
among them simultaneously. [14] uses graphs to ground words and phrases to
image regions. [15] proposes to link words to image concepts in an unsupervised
setting. However, all these works have predefined object and relation concepts.
We focus on inducing the concepts from the language compositionality to better
interpret the reasoning framework.

2.3 Model Interpretability

Model interpretability aims to explain the neural model predictions. [16] proposed
network dissection to quantify interpretability of CNNs. [17] explains a CNN at
the semantic level with decision trees. [18] generates scene graphs from images
to explicitly trace the reasoning-flow. [10, 19] focused on visual attentions to pro-

6



vide enhanced interpretability. Our work is closely related to the self-explaining
systems via rationalization [20, 21, 22]. These works usually extract subsets of
inputs as explanations, while our work moves one-step further by learning parts
of the structural explanation definitions (i.e., our concept hierarchy) together with
explanations (i.e., the concept-level reasoning flow).

2.4 Visual Concept Learning

Visual concept learning contributes to broad visual-linguistic applications, such as
cross-modal retrieval [23], visual captioning [24], and visual-question answering
[25, 26]. [11, 12] attempt to disentangle visual concept learning and reasoning.
Based on the visual concepts learned from VQA, [27] learns metaconcepts, i.e., re-
lational concepts about concepts, with augmented QA-pairs about metaconcepts.
Our work differs from the previous ones in learning concepts and super concepts
without external knowledge.

2.5 Temporal Action Localization (TAL)

Supervised learning-based temporal action localization can be summarized into
two-stage [28, 29, 30, 31, 32] and single-stage methods [33, 34, 35, 36]. More
recently, EffPrompt [37] uses a two-stage sequential localization and classifica-
tion architecture for zero-shot action localization, with the first stage consisting
of action proposal generation with an off-the-shelf pre-trained proposal detector
(e.g., BMN [31]), followed by proposal classification using CLIP features. We
aim to build a proposal-free framework and directly regress the temporal location
of the corresponding class labels or queries by using the fused video-text features.
The closest to our method is STALE [38], which trains a single-stage model for
zero-shot localization and classification, using representation masking for frame
level localization. Unlike STALE, which evaluates on only TAL, we present a
single unified method for MR, TAL and AS, and also introduce a feature pyramid
for multi-scale reasoning.
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2.6 Moment Retrieval (MR)

Unlike TAL, where class names are predefined used a closed-form vocabulary,
MR aims to find the relevant clip in an untrimmed video for a given open-ended
natural language query. Early works use sliding windows over video sequences to
generate video segment proposals [39, 40], after which the proposals are ranked
by their similarity to the query. This ignores the finegrained relationships between
video frames and the words in sentences. Anchor-based methods [41, 42, 43]
avoid proposal generation by assigning each frame with multi-scale anchors se-
quentially and use these to obtain more finegrained matchings between video and
text. Regressionbased methods [44, 45, 46, 47, 48, 49] involve learning cross-
modal interactions to directly predict the temporal boundaries of a target moment
without the need for proposal generation. Our work belongs to this category; un-
like works that tend to use the text tower only at the end to compute similarity
scores [39, 50, 51, 46, 49], we fuse image and text tokens early on in our model
to better leverage language priors from the pretrained CLIP text tower.

2.7 Action Segmentation (AS)

Action segmentation involves assigning a pre-defined label to each token or frame
in a untrimmed long video, which helps to distinguish meaningful video segments
from other tokens or frames [52]. While previous works [53, 54, 55, 56] pretrained
their models on HowTo100M [57], our approach involves initializing models with
pretrained CLIP models. CLIP was trained on pairs of web images and text, which
may be less prone to noise compared to ASR and clip pairs.

2.8 Subject-driven text-to-image generation

This task requires the generative models generate the subject provided by users
in accordance with the textual prompt description. Pioneer works [58, 59] utilize
Generative Adversarial Networks (GAN) [60] to synthesize images of a particu-
lar instance. Later works benefit from the success of diffusion models [61, 62]
to achieve a superior faithfulness in the personalized generation. Some works
[63, 64] rely on retrieval-augmented architecture to generate rare subjects. How-
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ever, they use weakly-supervised data which results in an unsatisfying faithfulness
for the generated images. There are encoder-based methods [65, 66, 67] that en-
code the reference subjects as a guidance for the diffusion process. However,
these methods consume a huge amount of time and resources to train the encoder
and does not perform well for out-of-domain subjects. Other works [68, 69] fine-
tune the components of diffusion models with the provided subject images. Our
method follows this line of works as our models are faithful and generic in gener-
ating rare and unseen subjects.

2.9 Text-guided image editing

This task requires the model to edit an input image according to the modifications
described by the text. Early works [70, 69] based on diffusion models [61, 62]
prove the effectiveness of manipulating textual inputs for editing an image. Fur-
ther works [71, 72] propose to blend noise with the input image for the generation
process to maintain the layout of the input image. Prompt-to-Prompt [73, 74] ma-
nipulates the cross attention maps from the image latent to the textual embedding
to edit an image and maintain its layout. InstructPix2Pix [75] distills the diffusion
model with image editing pairs synthesized by Prompt-to-Prompt to implement
the image editing based on instructions.
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CHAPTER 3

INTERPRETABLE VISUAL REASONING
VIA INDUCED SYMBOLIC SPACE

3.1 Introduction

Recent advances in Visual Question Answering (VQA) [3, 4, 5, 7, 8, 9, 10, 11, 12]
usually rely on carefully designed neural attention models over images, and rely
on pre-defined lists of concepts to enhance the compositional reasoning ability
of the attention modules. Human prior knowledge plays an essential role in the
success of the model design.

We focus on a less-studied problem in this field – given only question-answer
pairs and images, induce the visual concepts that are sufficient for completing the
visual reasoning tasks. By sufficiency, we hope to maintain the predictive accu-
racy for VQA when using the induced concepts in place of the original visual
features. We consider concepts that are important for visual reasoning, includ-
ing properties of objects (e.g., red, cube) and relations between objects (e.g., left,
front). The aforementioned scope and sufficiency criterion require accurately as-
sociating the induced symbols of concepts to both visual features and words, so
that each new instance of question-image pair can be transformed into the induced
concept space for further computations. Additionally, it is necessary to identify
super concepts, i.e., hypernyms of concept subsets (e.g., shape). The concepts
inside a super concept are exclusive, so that the system knows each object can
only possess one value in each subset. This introduces structural information to
the concept space (multiple one-hot vectors for each visual object) and further
guarantees the accuracy of the aforementioned transformation.

The value of the study has two folds. First, our proposed problem aims to iden-
tify visual concepts, their argument patterns (properties or relations) and their hi-
erarchy (super concepts) without using any concept-level supervision. Solving the
problem frees both the efforts of human annotations and human designs of con-
cept schema required in previous visual reasoning works. At the same time, the
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There is a big sphere behind the brown 
cylinder; does it have the same color as 
the small rubber sphere on the left side 
of the small red rubber ball?

big

cylinder

sphere

ball

concept regression

sphere 
ball
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train

super concept concepts

concept induction

visual 
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behind obj_0 obj_1 obj_2

obj_0 0 1 1
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right obj_0 obj_1 obj_2
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obj_1 0 0 1

obj_2 0 0 0

concept obj_0 obj_1 obj_2
gray 0 1 0
red 0 0 0
blue 1 0 1
green 0 0 0
brown 0 0 0
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sphere 0 1 0
cube 1 0 1
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metal 1 0 0
matte 0 1 1

left obj_0 obj_1 obj_2

obj_0 0 0 0

obj_1 1 0 0

obj_2 1 1 0

compositional 
reasoning

What is the big thing that is in front of 
the block that is behind the block that is 
in front of the large shiny block made of?

matte

Figure 3.1: Illustration of our framework. Our model induces the concepts and super
concepts with the attention correlation between the objects and question words in
image-question pairs as the paths shown in blue arrows. Then, it answers a question
about an image via compositional reasoning on the induced symbolic representations of
objects and object relations, shown as the orange paths.

problem is technically more challenging compared to the related existing problem
like unsupervised or weakly-supervised visual grounding [15]. Second, by con-
straining the visual reasoning models to work over the induced concepts, the abil-
ity of concept induction improves the interpretability of visual reasoning models.
Unlike previous interpretable visual reasoning models that rely on human-written
rules to associate neural modules with given concept definitions [10, 12, 18], our
method resolves the concept definitions and associations interpretability automat-
ically in the learning process, without the need of trading off for hand-crafted
model designs.

We achieve the proposed task in three steps. First, we propose a new model ar-
chitecture, object-centric compositional attention model (OCCAM), that performs
object-level visual reasoning instead of pixel-level by extracting object-level vi-
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Figure 3.2: The framework and the compositional reasoning module. The left graph
shows the general framework; The phase 1 training path is drawn in purple and the phase
2 training paths are drawn in red. The black paths are shared for both training phases.
The structures of our proposed object-level feature extractor, concept regression module
and concept projection module are shown in Figures 3.3, 3.4 and 3.7.

sual features with ResNet [76] and pooling the features according to each object’s
bounding box. The object-level reasoning not only improves over the state-of-the-
arts, but also provides a higher-level interpretability for concept association and
identification. Second, we benefit from the trained OCCAM’s attention values
over objects to create classifiers mapping visual objects to words and then de-
rive the concepts and super concepts from the object-word cooccurrence matrices
as shown in Figure 3.1. Finally, our concept-based visual reasoning framework
predicts the concepts of objects and object relations, and then performs composi-
tional reasoning using the predicted symbolic concept embeddings instead of the
original visual features.

Experiments on the CLEVR and GQA datasets confirm that our overall ap-
proach improves the interpretability of neural visual reasoning, and maintains the
predictive accuracy: (1) our OCCAM improves over the previous state-of-the-
art models that do not use external training data; (2) our induced concepts and
concept hierarchy are accurate in human study; and (3) our induced concepts are
sufficient for visual reasoning – replacing visual features with concepts leads to
only ∼1% performance drop.

3.2 OCCAM: Object-Centric Visual Reasoning

This section introduces a new neural architecture, object-centric compositional
attention model (OCCAM), that performs visual reasoning over the object-level
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visual features. This model not only achieves state-of-the-art performance, but
also plays a key role in inducing object-wise or relational concepts as will be
described in section 3.3.

Figure 3.2 shows our general framework with two training phases, each consists
to the process of attaining the answers from the input images and questions. Phase
1 (black-colored paths) corresponds to the training of our OCCAM, in which we
train the object-level feature extractor, the compositional reasoning module and
the question embedding LSTM. Phase 2 (red-colored paths) corresponds to the
induction of symbolic concepts based on the aforementioned trained neural mod-
ules, as well as the training of a concept projection module so that the induced
concepts can be accommodated in the OCCAM pipeline. The figure shows the
central role that the OCCAM plays in our framework.

3.2.1 Background on compositional reasoning

Notations. As shown in Figure 3.2, we name the visual vectors as vs, the output
memory vector from the compositional reasoning module as m, the embedded
word vectors for questions as ws, and the question embedding as q.

The compositional reasoning framework follows a VQA setting: given a
question and an image as inputs, the model is required to return the correct an-
swer choice. The target function can thus be written as:

L(ws, vs, q) = −
∑
k∈K

yk logF(qk,G(wsk, vsk, qk))

qk = Q(wsk), vsk = I(imk).

(3.1)

K is the total number of image-question pairs, y is the one-hot ground truth vector,
F is the classifier, G is the reasoning module, Q is the question embedding LSTM,
I is the visual feature extractor and im is the image input.

The MAC reasoning module [5] processes visual and language inputs in a
sequential way. Shown in Figure 3.2 (right), each MAC cell contains a control
unit that uses word embedding to control what object features should be read
and written into memory and an R/W (Read/Write) unit that performs reading and
writing object features; the blue diagrams labeled with w stand for fully connected
layers and the symbol ⊙ stands for Hadamard product. More details can be found
in Appendix A.1.
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Figure 3.3: The architecture of our object-level feature extractor.

3.2.2 Object-centric compositional attention model

Our OCCAM network is shown in Figure 3.2 with phase 1 path. It performs
MAC-style reasoning, but over the object-level visual features generated by our
proposed object-level feature extractor (Figure 3.3). Fed with an image, the
extractor produces a set of vectors vs, each encodes a single object’s unary visual
features and its interactions with other objects. The module works as the following
steps:

(1) Following [12], we use Mask-RCNN [77] to detect all objects in an image
and output the bounding boxes for them. The image is fed to a ResNet34 network
[76] pretrained on ImageNet [78] to generate the feature maps.

(2) On top of the ResNet34 feature maps, we apply a global average pooling to
get a single global feature vector (the gray vector in the figure). We concatenate
this global vector with the feature map at each location, followed by three con-
volution layers. This global vector is crucial since it allows the visual features to
encode the interaction among objects; and the three convolution layers fuse the
local and global features into a single visual vector at each position.

(3) Finally, to get object-level features from the above pixel-level fused features,
we use RoI align [77] to project the objects’ bounding boxes onto the fused feature
vectors to generate the RoI feature maps and average pool these RoI maps for each
object to produce the object-level vs.

Our object feature extractor is jointly optimized with the reasoning module with
Eqn (3.1) in the phase 1 training.
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3.3 Concept Induction and Reasoning

This section describes how we achieve our goal of inducing symbolic concepts for
objects and performing compositional reasoning on the induced concepts. First,
we formalize the problem of concept induction (section 3.3.1). Second, built on
the learned OCCAM network introduced in the previous section, we propose to
induce concepts of both unary object properties or the binary relations between
objects (section 3.3.2). Finally, we propose compositional reasoning over sym-
bolic concepts by substituting the object-level features with the induced concepts
(section 3.3.3).

3.3.1 Problem definition

We consider identifying three types of concepts: (1) the unary concepts Cu that
are properties of objects (e.g., red, cube, etc.); (2) the binary concepts Cb that
are relation descriptions between any two objects (e.g., left, front etc.); and (3)
the super concepts Csup that are hypernyms of certain subsets of concepts (e.g.,
color, shape, etc.), subject to that each object can only possess one concept under
each super concept, e.g., cube and sphere.

As questions refer to objects and describe object relations in images and, more
importantly, include all the semantic information to reach an answer, it is natural
to induce the concepts from question words. Therefore, we assume that all the
unary and binary concepts have their corresponding words; and these words are a
subset of the nouns or adjectives from all the training questions. We denote the
sets of words that describe unary concepts and binary concepts as Mu and M b

respectively. Therefore, the goal of concept induction consists of the following
tasks:
• Visual mapping: for each concept c ∈ Cu or Cb, learning a mapping from
the visual feature v to c. In other words, a prediction function fc(v) ∈ {0, 1} is
learned to predict the existence of concept c from the visual feature v of an object.
• Word mapping: for each concept c ∈ Cu or Cb, identifying a subset of words
Sc ⊂ Mu or M b that are synonyms representing the same concept, e.g., the con-
cept of ’cube’ corresponds to set of words {cube, cubes, block, blocks, ...}.
• Super concept induction: clustering of concepts to form super concepts. Each
super concept c contains a set of concepts {c1, · · · , ck} ⊂ Cu or Cb.
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Algorithm 1: Classifier training data generation. ST(·) splits a vector α∈Rβ

to a set of β values. GMM(·) uses Gaussian Mixture Model to cluster a set of
data points. FB(·) finds the decision boundary for the 2 Gaussian components.
1 is the indicator function.

Result: P u, P b

P u = {}, P b = {}
for x ∈ Mu ∪M b do

Sx = {}, bdx = 0
for vs, ws ∈ DATASET do

for cw ∈ ws ∩Mu do
Scw = Scw∪ ST(R(vs, cw,m0))

for cw ∈ ws ∩M b do
for v ∈ vs do

Scw = Scw∪ ST(R(vs, cw,W(m0, v)))
for x ∈ Mu ∪M b do

bdx = FB(GMM(Sx))
for vs, ws ∈ DATASET do

for v1 ∈ vs do
for cw ∈ ws ∩Mu do

y = 1(R(v1, cw,m0) > bdcw)
P u = P u ∪ {(v1, cw, y)}

for cw ∈ ws ∩M b do
for v2 ∈ {vs− v1} do

y = 1(R(v1, cw,W(m0, v2)) > bdcw)
P b = P b ∪ {(v1, v2, cw, y)}

w
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Figure 3.4: The structure of the concept regression module. v1 and v2 are the
object-level visual vectors representing two objects respectively, and cw is the word
vector. m0 is a fixed vector and mw equals to m0 for the unary concept classifier.

3.3.2 Concept induction

This section describes how we achieve the aforementioned tasks of concept in-
duction. The key idea of our approach includes: (1) benefiting from the R/W
unit from the trained MAC cells to achieve the visual mapping to textual words;
(2) utilizing the inclusiveness of words’ visual mapping to induce each concept’s
multiple word descriptions; and (3) clustering super concepts from the mutual
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(a)

left right front behind

(b)

ball big red sphere left right front behind

(c)

Figure 3.5: Attention visualization and attention logit distributions. (a) The attention
visualization corresponding to the words describing the unary concepts by performing
R(vs, cw,m0). Each of the words above the latter 4 images corresponds to a unique cw
and the value on each object is the attention logit (the same applies to (b)). (b) The
attention visualization corresponding to the words describing the binary concepts by
performing R(vs, cw,W(m0, v2)). v2 represents the object bounded by a red rectangle
in the first image. (c) the attention logit distribution corresponding to each word
describing a concept.

exclusiveness between concepts. To achieve the above, we first train two binary
classifiers that can determine if a word correctly describes an object’s unique fea-
ture and if a word correctly describes a relation between two objects respectively.
Then, with the help of these classifiers, we produce zero-one vectors for words
that properly describe the unique features for each object and the relations be-
tween any pair of objects in single images across the dataset. Finally, we perform
a clustering method on the word vectors to generalize unary and binary concepts,
and the super concept sets.

Visual mapping via regression from MAC cells The concept regression mod-
ule is shown in Figure 3.4. It is composed of a classifier for the unary concept
word regression, Bu(v1, cw) ∈ [0, 1], and a classifier for the binary concept word
regression, Bb(v1, v2, cw) ∈ [0, 1]. Bu is expected to produce 1 if v1 can be de-
scribed by the word vector cw. Likewise, Bb is expected to produce 1 if the relation
of v1 to v2 can be described by the word vector cw .

We generate training data points P u = {(v1ui , cwu
i , y

u
i )} and P b = {(v1bi , v2bi , cwb

i , y
b
i )}

for Bu and Bb by utilizing the Read/Write unit (Figure 3.2(right)) in the reasoning
module after phase 1 training. The whole generation process is described in Al-
gorithm 1. We denote R(vs, ci,mi−1) ∈ R|O| for the sequence of functions before
the softmax operation in the Read unit and W(mi−1, ri) ∈ RD for the function
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of the Write unit, where O is the set of objects in an image and D is the vector
dimension.

Specifically, our algorithm first uses R(·, ·, ·) and W(·, ·) to find the attention
logits on the objects corresponding to words describing the unary and binary con-
cepts in a question as shown in Figure 3.5(a&b). We then use the values of logits
to determine if the object possesses the concept of the word (positive) or not (neg-
ative). Noticing the attention logit distribution of the sampled objects for each
word is a two-peak distribution (Figure 3.5(c)), we use a GMM [79] with two
Gaussian components to model the distribution and find the decision boundary
for each word’s attention logit distribution. Observe that the distribution of a bi-
nary concept word has two interfering waves, because in some cases it is hard
to tell if two objects have that relation (’front’ is inappropriate if two objects are
on the same horizon). P u and P b are generated by classifying the data points to
positives and negatives with the decision boundaries. Finally, we can train Bu and
Bb with data P u and P b by minimizing the binary cross entropy loss.

Binary coding of objects With trained Bu and Bb, we represent an object o1
with a binary code vector. Each dimension corresponds to a word. A dimension
has value 1 if the corresponding word can describe o1 and 0 otherwise. The binary
vectors of object properties and of the relations between two objects, o1 and o2 can
be computed with the functions γu ∈ R|Mu| and γb ∈ R|Mb| respectively:

γu = 1i>0.5(Bu(v1, C
u))

γb = 1i>0.5(Bb(v1, v2, C
b)),

(3.2)

where v1 and v2 are the object-level visual vectors of o1 and o2, Cu ∈ R|Mu|×D

and Cb ∈ R|Mb|×D are the stacks of word embeddings in vocabulary Mu and M b.
1α(β) performs elementwise on β: return 1 if the element satisfies condition α or
0 otherwise.

By applying γu and γb to all the objects and relations in the dataset, we can
attain a matrix Γu ∈ {0, 1}Mu,Nu and a matrix Γb ∈ {0, 1}Mb,Nb as shown in Fig-
ure 3.6, where Nu and N b are the total numbers of objects and co-occurred object
pairs. The two matrices summarize each word’s corresponding visual objects in
the whole dataset.

Concept/super-concept induction Finally, we group synonym words to unary
and binary concepts and generate the super concepts. These two tasks are achieved
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Figure 3.6: The zero-one matrices indicating word descriptions of objects and object
relations across the dataset. (a) The matrix Γu indicates what words can describe objects.
(b) The matrix Γb indicates what words can describe the relations object v1’s (bounded
by green rectangles) are to object v2’s (bounded by red rectangles).

via exploring the word inclusiveness and the concept exclusiveness captured by
Γu and Γb: (1) words describing the same concept correspond to similar column
vectors, e.g., Γu

small and Γu
tiny; (2) words describing exclusive concepts have col-

umn vectors that usually do not have 1 values on same objects simultaneously,
e.g., Γu

cube and Γu
ball. Based on the aforementioned ideas, we define the correlation

metric between two words cw1 and cw2 as below:

θcw1 ,cw2
= P (γcw1

= 1 | γcw2
= 1) + P (γcw2

= 1 | γcw1
= 1) (3.3)

=
|Γcw1

⊙ Γcw2
|11

|Γcw2
|11

+
|Γcw1

⊙ Γcw2
|11

|Γcw1
|11

. (3.4)

This guarantees that θ → 0+ for two synonym words, θ → 2− for two words
corresponding to exclusive concepts and θ ∈ (0, 2) for words corresponding to
different nonexclusive concepts. We can produce the correlation sets for the words
describing the unary concepts and the binary concepts respectively with Eqn (3.5).

Θx = {θcw1 ,cw2
}; cw1 , cw2 ∈ Mx;x ∈ {u, b} (3.5)

Our final step fits two GMM on Θu and Θb respectively. Each GMM has three
components N0, N1 and N2, with their mean values initialized with 0,1 and 2.
We then induce the unary and binary concepts, where each concept consists of
synonym words whose mutual correlation is clustered to the Gaussian component
N0. Similarly, we induce the super concepts, where each super concept contains
multiple concepts and any two words from different concepts have correlation

19



Algorithm 2: Concept vector generalization. MAX(α) and HARDMAX(α)

return the largest value in vector α and its position as a one-hot vector, respec-
tively.

Result: Ku, Kb

Ku = 0|O|×|Eu|, Kb = 0|O|×|O|×|Eb|

for i ∈ O do
for eu ∈ Eu do

Ku[i][eu] =MAX(Bu(vi, ρeu))
for lu ∈ Lu do

Ku[i][lu] =HARDMAX(Ku[i][lu])
for j ∈ O − {i} do

for eb ∈ Eb do
Kb[i][j][eb] =MAX(Bb(vi, vj , ρeb))

for lb ∈ Lb do
Kb[i][j][lb] =HARDMAX(Ku[i][j][lb])

w

w
conv
1D

ℝ|"|×|"|×|$!| ℝ|"|×(|"||$!|) ℝ|"|×' ℝ|"|×((') ℝ|"|×'
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Figure 3.7: The structure of the concept projection module. We label the
dimensions of matrices near them in the graph.

clustered to the Gaussian component of N2.
We denote the set of words corresponding to a concept e as ρe, the set of the

super concept sets as L, the set of all concepts as E. Then, we can represent
all the objects in an image with a unary concept matrix Ku and represent all the
relations between any two objects in an image with a binary concept matrix Kb

with Algorithm 2.

3.3.3 Concept compositional reasoning

Our ultimate goal is to perform compositional reasoning to answer a question
with the generated concept representations Ku and Kb for an image; so as to
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Table 3.1: The comparison of our OCCAM framework to the state-of-the-art methods
on CLEVR (up) and GQA (down) datasets. † means training with additional program
supervision. ‡ means pretraining on larger visual+language corpora. § means pretraining
a scene-graph extraction model with additional rich annotated data.

(a) CLEVR

method overall countexist comp
num

query
attr

comp
attr

RN [80] 95.5 90.1 93.6 97.8 97.1 97.9
FiLM [4] 97.6 94.5 93.8 99.2 99.2 99.0
MAC [5] 98.9 97.2 99.4 99.5 99.3 99.5
NS-CL [12] 98.9 98.2 99.0 98.8 99.3 99.1
OCCAM (ours) 99.4 98.1 99.8 99.0 99.9 99.9

NS-VQA† [11] 99.8 99.7 99.9 99.9 99.8 99.8

Human [9] 92.6 86.7 96.6 86.5 95.0 96.0
(b) GQA

method val test-dev test

MAC [7] 57.5 - 54.1
LXMERT [81] - 50.0 -
LCGN [82] 63.9 55.8 56.1
OCCAM (ours) 64.5 56.2 56.2

MMN [83]† - 60.4 60.8
NSM [84]§ - 63.0 63.2
LXMERT [81]‡ - 60.0 60.3
ViLT [85]‡§ - 65.1 64.7

confirm that our induced concepts are accurate and sufficient. We achieve this
with the phase 2 training process in Figure 3.2. The key idea is to transplant the
learned compositional reasoning module from manipulating the visual features to
manipulating Ku and Kb, for attaining the answer to a question.

To this end, first, we project Ku and Kb to the same vector space with vs with
the concept projection module shown in Figure 3.7, so that the compositional
module can perform the reasoning steps on the projected concept vectors. Specif-
ically, we first reduce the dimension of Kb from R

|O|×|O|×|Eb| to R|O|×|O||Eb|, re-
sulted in K̂b, because Kb can be understood as the relations to other objects for
each object in an image. Then, we use two separate fully connected networks to
project Ku and K̂b respectively, concatenate and use a sequence of 1D convolu-
tion layers to project the results to the same dimension of vs’s.

Second, to minimize the discrepancy between the distribution of our projected
vectors and that of the original visual vectors vs, we fix the weights of other mod-
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ules in the framework and only train the concept project module by optimizing
the target function Eqn. (3.1). Then, we train the concept projection module and
the compositional reasoning module with other modules’ weights fixed to better
optimize Eqn. (3.1). The result is a compositional reasoning model that works on
the induced concepts only.

3.4 Experiments

3.4.1 Settings

Datasets (1) We first evaluate our model on the CLEVR [86] dataset. The
dataset comprises images of synthetic objects of various shapes, colors, sizes
and materials and question/answer pairs about these images. The questions re-
quire multi-hop reasoning, such as finding the transitive relations, counting num-
bers, comparing properties, to attain correct answers. Each question corresponds
to a ground truth human-written programs. Because the programs rely on pre-
defined concepts thus do not fit our problem, we let our framework learn from
scratch without using the program annotations. There are 70k/15k images and
∼700k/∼150k questions in the training/validation sets. We follow the previous
works [11, 5, 12] to train our model on the whole training set and test on the
validation set.

(2) To demonstrate the generalizability of our approach, we further evaluate on
the GQA dataset. GQA is a real-world visual reasoning benchmark. It consists of
113K images collected from the Visual Genome dataset [87] and 22M questions.
It has a train split for model training and three test splits (val, test, test-dev) [88].
The dataset provides the detected object features extracted from a Faster RCNN
detector [89], so each object is represented as a 2048-dimensional vector.

Implementation details We include the checklist of our implementation details
in Appendix A.2.

3.4.2 Object-level reasoning

We first perform the end-to-end phase 1 training shown in Figure 3.2, i.e., our
OCCAM model. The performance comparison of our model to the state-of-the-

22



Table 3.2: Effect of the choice of reasoning steps for our model.

steps 4 8 12 16

accuracy (CLEVR) 94.3 98.6 99.4 99.1
accuracy (GQA test-dev) 55.1 55.6 55.2 56.2

art models is shown in Table 3.1. Under the setting that no external human-labeled
programs and no pretraining are used, our model achieves state-of-the-arts com-
pared with published results on both CLEVR and GQA datasets. For comparison
with models on GQA leaderboard, we also train our OCCAM model on train-
all split and achieves an accuracy of 58.5% on the test-standard split of GQA
dataset, which outperforms other popular models (e.g. MCAN, BAN and LCGN)
trained with no additional data (accuracies are 57%∼58%). While transformer-
based methods with pretraining phase boost the performance, however, they un-
dermine the model’s explainability and make it difficult to induce concepts. On
CLEVR, our model also has an on-par performance with the best model [11] that
uses external human-labeled programs.

Compared to the original MAC [5] framework which uses image-level atten-
tions, our model proves that the constraint of attentions on the objects are useful
for improving the performance on both datasets, with significant improvement on
the validation sets. We do not use the position embedding to explicitly encode the
positions of objects for relational reasoning; however, we use the global features
to enhance the model’s understanding of inter-object relations. This shows that
the relations among objects are learnable concepts without external knowledge
for the deep network.

Table 3.2 further gives an ablation study on the numbers of reasoning steps,
i.e., the number of MAC modules, for our model. The reasoning model with 4
steps has a performance gap to the models with 8, 12 or 16 steps, while the lat-
ter three models have on-par performances. We conjecture that the model with
low reasoning steps may not be able to capture multiple hops of a question and
the model performance converges with an increasing number of reasoning steps.
We also did an ablation study on the contribution of object-level feature extrac-
tor on CLEVR dataset. With pretrained ResNet101 features, learnable ResNet34
features, learnable ResNet34 features plus global features respectively, the model
achieves 97.9%, 99.0% and 99.4% on the validation set. It shows the importance
of enhancing global context understanding at object level.
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Table 3.3: Comparison of our visual feature-based OCCAM and our concept-only
OCCAM. The number of reasoning steps is 8.

(a) CLEVR

method overall count exist comp num query attr comp attr

OCCAMvisual 98.6 95.9 99.8 96.2 99.8 99.7
OCCAMconcept 97.9 95.6 98.7 97.3 98.4 99.3

(b) GQA

method val test-dev

OCCAMvisual 63.8 55.6
OCCAMconcept 63.1 54.2

3.4.3 Concept induction and reasoning

Next, we evaluate the performance of our concept induction method, i.e., the phase
2 training in Figure 3.2. To qualitatively show that our induced concepts capture
sufficient and accurate information for visual reasoning, we replace the visual
inputs to the objects’ induced concepts according to Section 3.3.3. The resulted
model, denoted as OCCAMconcept, is expected to perform closely to the original
OCCAM with high-quality induced concepts.

Table 3.3 gives the results. To achieve the balance of the performance and the
interpretability, we make the OCCAM model run 8 reasoning steps for both con-
cept induction and reasoning. It is observed that our concept-based OCCAM (with
induced concept features only) achieves on-par performance with the original OC-
CAM model (with full input visual features). We also visualize the reasoning steps
for the OCCAMconcept model in Appendix A.6.

Human study of concept induction We present the unary concept correlations
Θu in Figure 3.8 and 3.9 for both CLEVR and GQA. Since GQA consists of a
huge vocabulary with highly-correlated concepts, we demonstrated a sub-set of
concepts associated to general words/phrases.

On CLEVR, the concept definition from the data generator can be perfectly re-
covered by our approach: from Figure 3.8, the correlation between any pair of
synonyms is close to 2, the correlation between words belonging to the same su-
per concept set is close to 0, and the correlation between words belonging to two
different super concept sets is in the middle of the range[0, 2]. Appendix A.3 pro-
vides the full generated concept hierarchy, which perfectly matches the definition
in CLEVR generator and human prior knowledge, i.e., 100% accuracy, according
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Figure 3.8: The CLEVR unary concept correlations Θu.

to our human investigation.
On GQA, the correlations between words are complicated. We present a subset

of word correlations in Figure 3.9. Instead of using Eqn. (3.4), here we show the
conditional probability that a column attribute exists given that the row attribute
exists. We observe that words describing a similar property have a high positive
correlation, such as ‘yellow’ and ‘orange’, ‘concrete’ and ‘stone’. They can be
grouped into a single concept. Words of exclusive meanings negatively correlates
with each other, such as ‘flying’ and ‘standing’, ‘pointy’ and ‘sandy’. They can
be grouped into a super concept. However, the real-world data makes it difficult
to induce some commonsense super concepts. For example, the same object can
have multiple colors (e.g., sky can be both gray and blue). Also, object concept
can have degrees (light or dark blue), so we have to use soft values to represent
the concepts. We additionally conduct human studies on the pairwise accuracy
of detected concept and super concept clusters, which can be found in Appendix
A.7.
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Figure 3.9: The subset of GQA concept correlations.

We provide more visualization results in Appendix A.4 and A.5, including the
extension of word analogy [90] (e.g., “Madrid” - “Spain” + “France” → “Paris”)
to multi-modality and the quantification of distance between two visual objects
with the super concept space.

3.5 Conclusions

Our proposed OCCAM framework performs pure object-level reasoning and achieves
a new state-of-the-art without human-annotated functional programs on the CLEVR
dataset. Our framework makes the object-word cooccurrence information avail-
able, which enables induction of the concepts and super concepts based on the
inclusiveness and the mutual exclusiveness of words’ visual mappings. When
working on concepts instead of visual features, OCCAM achieves comparable
performance, proving the accuracy and sufficiency of the induced concepts. For
future works, our method can be extended to more sophisticated induction tasks,
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such as inducing concepts from phrases, with more complicated hierarchy, with
degrees of features (e.g., dark blue, light blue) and inducing complicated relations
between objects (e.g. a little bigger).
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CHAPTER 4

UNLOC: A UNIFIED FRAMEWORK FOR
VIDEO LOCALIZATION TASKS

4.1 Introduction

Contrastive vision-language pretraining has been shown to learn powerful feature
representations, and, moreover, enables open-set inference on a wide range of
tasks [91, 92]. As a result, pretrained models such as CLIP [91] have been adapted
to multiple diverse tasks including video classification [93, 94], object detection
[95] and segmentation [96].

In this work, we study how to adapt large-scale, contrastively trained image-text
models to untrimmed video understanding tasks that involve localization. While
CLIP has been used widely for trimmed video tasks (classification [93, 94] or re-
trieval [97]), its use on long, untrimmed video is still in a nascent stage. Long
videos come with multiple challenges - CLIP is pretrained on images only, and
localization in untrimmed videos requires exploiting fine-grained temporal struc-
tured information in videos. In particular, it is challenging for image and language
models to learn properties of temporal backgrounds (with respective to foreground
actions) during training. In contrast, natural videos often come with a large, vari-
able proportion of background and detecting specific actions is critical for local-
ization tasks [38]. Finally, localization in long untrimmed videos also typically
involves detecting events at multiple temporal scales. Consequently, existing ap-
proaches that use CLIP typically focus on a two-stage approach involving off-the-
shelf proposal generators [37], or use temporal features such as I3D [47] or C3D
[98]. In contrast, we propose an end-to-end trainable one-stage approach starting
from a CLIP two-tower model only.

We focus specifically on three different video localization tasks - Moment Re-
trieval (MR) [99, 40], Temporal Action Localization (TAL) [100, 101] and Action
Segmentation (AS) [52]. These tasks have typically been studied separately, with
different techniques proposed for each task. We show how we can use a single,
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Figure 4.1: Applying two-tower CLIP to video localization tasks: We propose UnLoc, a
single stage, unified model that achieves state of the art results on 3 different video
localization tasks - moment retrieval, temporal action localization and action
segmentation. UnLoc leverages a two-tower model (with a vision and text encoder) in
conjunction with a video-text fusion module and feature pyramid to perform mid-level
feature fusion without the need for any temporal proposals.

unified approach, to address all of these tasks, without using any external propos-
als. We do this by leveraging a two-tower model (with a vision and text encoder),
in conjunction with a single video-text fusion module, which performs mid-level
fusion of text and visual tokens (Fig. 4.1). Our two-tower model can naturally
handle tasks such as moment retrieval which contain both video and text as input
modalities, and can be used for open-set inference in other tasks such as temporal
action localization and action segmentation. While many works use the visual
encoder only [33, 29, 102, 36], we believe that the language priors learnt with the
pretrained text encoder can contain useful information and should be leveraged to-
gether with the image encoder early in the model design (particularly for open-set
evaluation), and not right at the end for similarity computation. Inspired by ex-
isting object detection works [103], we also use the output frame tokens from our
fusion module to construct a feature pyramid, to enable understanding at multiple
temporal scales.

Our approach achieves state-of-the-art results across all three video localization
tasks - MR [99, 40], TAL [100, 101] and AS [52]. We also perform thorough
ablation studies, studying the effect of modeling choices across a range of tasks.
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4.2 Methods

Our model unifies three tasks: MR, TAL and AS, which we first define in Sec.
4.2.1. As shown in Fig. 4.2, our model (Sec. 4.2.2) first tokenizes a (video,
text) pair and then fuses information from the two modalities together with a sim-
ple video-text fusion module. To capture the multi-scale information needed for
localization, we then construct a Feature Pyramid (Sec. 4.2.3) on the output of
the video-text fusion module. These multi-scale features are then fed into a task-
specifc Head module (Sec. 4.2.4) to localize activities or ”ground” a language
description.

4.2.1 Tasks

Moment Retrieval (MR), also known as Video Grounding, is the task of matching
a given language description (query) to specific video segments in an untrimmed
video. Temporal Action Localization (TAL) aims to detect events in a video and
output the corresponding start- and end- timestamps. One key difference from
MR is that events in TAL are from a predefined closed-vocabulary set, often de-
scribed by a short phrase (e.g., ”baking cookies”). Finally, similar to Semantic
Segmentation, which parses images into semantic categories at a pixel level, Ac-
tion Segmentation (AS) involves producing activity labels at a frame level. Also,
for this task the labels are typically predefined from a closed-vocabulary set.

4.2.2 A unified architecture

Our model takes (video, text) pairs as inputs, and for each frame in the video it
outputs a relevancy score between the frame and the input text, as well as the
time differences between the frame and the start/end timestamps of the predicted
segment. The target relevancy score is set to 1 if a frame falls within the labeled
segment, otherwise zero. In the case of TAL and AS, we use class labels as the
input texts while in MR, text queries are used as input texts. For each video we
form C (video, text) pairs where C is the number of classes in TAL and AS and
for MR C is the number of captions associated with this video.

Fig. 4.2 gives an overview of our proposed architecture. The input pair is first
tokenized and encoded by a pair of image and text encoders. The two encoders are
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Figure 4.2: Overview of our method UnLoc. Given a video and text (e.g., class names
in TAL/AS or captions in MR) pair, first they are tokenized and encoded by a pair of
image and text encoders. Frame and text tokens are concatenated into a long sequence
and then fed into a transformer for fusion. Frame tokens from the last transformer layer
are used to construct a feature pyramid in which each level connects to a head to predict
a per-frame relevancy score and start/end time displacements. No text token is used to
construct the feature pyramid since text information has already been ”fused” into the
frame tokens via self-attention. We show a 3 layer feature pyramid for simplicity. All
heads across different pyramid levels share the same weights.

initialized from a pretrained, CLIP visual language model [91]. The two encoders
come from the same pretrained model - pretrained by aligning image and text pairs
with a contrastive loss, which provides a strong prior on measuring the relevancy
between each frame and the input text. This is one of key contributing factors to
the success of our model. As Sec. 4.3.2 will show, using ”unpaired” image/text
encoders indeed diminishes the performance.

After tokenization and encoding, the input video and text are represented by N

frame tokens and T text tokens. We then form a new sequence by concatenating
N frame tokens with either a single token (e.g., CLS) representing the whole text
sequence or all T text tokens (See Sec. 4.3.2 for ablation). The concatenated
sequence is then fed into a video-text fusion module. In this work, we imple-
ment this fusion module using a transformer encoder [104, 105]. This encoder
performs two key functions - (i) it is a temporal encoder, able to model inter-
frame correspondences omitted by the image-only CLIP model, and (ii) it can
also function as a refinement network, with the ability to correct mistakes made
by the CLIP model. After fusion, only frame tokens Xc ∈ RN×K are used to con-
struct a feature pyramid where each level is created by downsampling the original
sequence using strided convolutions where c is the index of the class or caption
and K denotes the hidden size of the token. This process is repeated for all class
labels/captions. Text tokens are omitted from this construction because their in-
formation has been incorporated into the frame tokens by the fusion module, and
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they do not correspond to any timestamps.
Finally, each pyramid level connects to a Head module to predict a per-frame

relevancy score, ŷc
l ∈ RNl , and start/end time displacements, t̂cl ∈ RNl×2, where

Nl denotes the number of features in pyramid level l. The final number of pre-
dictions is

∑L
i=1

N
2i−1 , and is, therefore, greater than N if there is more than one

level in the feature pyramid. For example, if we construct a 3-level feature pyra-
mid the total number of predictions will be N + N/2 + N/4. Each prediction is
expanded into a temporal segment by applying the predicted displacements to its
frame timestamp. Given these temporal segments for all pyramid layers, we fil-
ter out overlapping segments during inference with soft non-maximal suppression
(SoftNMS) [106].

4.2.3 Feature pyramid

A feature pyramid can improve a model’s capability to detect events at different
scales. For example, features from the top level can detect events with a long
duration while bottom-level features can localize short segments. Feature Pyra-
mid Networks (FPN [107]) have been used extensively in object detection for
images to pass richer semantic information from a higher level in the CNNs to
lower level feature maps that have higher spatial resolution. We propose another
simpler structure inspired by ViTDet [103] by removing the lateral and top-down
connections in the FPN. Since the last layer in the transformer encoder contains
the most semantic information [108] and shares the same temporal resolution as
the first one, the lateral and top-down connections are no longer required. The
feature pyramid is constructed by applying convolution with different strides to
the output tokens from the last transformer layer in the video-text fusion module
(See Fig. 4.2a). Note that text tokens are not used during the feature pyramid
construction, since their information has been fused into the frame tokens. This
simpler design removes the downsampling step in the encoder and allows us to
share the same architecture used in pretraining stage (See Sec. 4.3.1 for more
details). Similar to findings in [103], our ablation (Sec. 4.3.2) shows that this
simpler design outperforms FPN on TAL, as it introduces less additional layers to
the pretrained model. AS is a frame-level task, so features from only the bottom
level in the feature pyramid are used for prediction.
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4.2.4 Head design

As shown in Fig. 4.2b, we have two heads, one for relevancy score prediction
and the other for displacement regression. Although the two heads share the same
structure, their weights are not shared. Our head design following [50] consists
of M 1D convolution blocks where each block is made of three operations: Layer
Normalization [109], 1D convolution, and a ReLU activation [110]. A convolution
(e.g., a local operation) is used to encourage nearby frames to share the same label.
At the end of each head, a linear layer is learned to predict per-frame relevancy
scores ŷc ∈ RN×1 or to predict per-frame start/end time displacements ∆t̂c ∈
RN×2 :

ŷc = Zcwcls + bcls (4.1)

∆t̂c = relu
(
Zcwreg + breg

)
(4.2)

where Zc are the activations of frame tokens Xc after convolution blocks, wcls ∈
RK×1 and bcls ∈ R1×1 are the weights and bias for the classification head, and
wreg ∈ RK×2 and breg ∈ R1×2 are the weights and biases for the regression head.
We limit the predicted displacements to be greater or equal to zero through a ReLU
non-linearity. This process is repeated to generate scores and displacements for
every class/caption and the same learned weight and bias terms are shared. For AS
only the relevancy scoring head is used. One key difference from [36] is that our
model predicts a different start/end time displacement for each class while [36]
predicts one displacement ∆t̂ ∈ RN×2 shared among all classes, which assumes
that there is no overlapping segment in the video.

4.2.5 Loss function

For AS, we use sigmoid cross entropy loss to measure the relevance between a
frame and class label. For TAL and MR, we use the focal loss [111] for the
relevancy scoring head as class imbalance is a known issue in one-stage detectors
[111]. For the regression head we experiment with four popular regression losses,
L1, IoU, DIoU [112], and L1+IoU. The L1 loss computes the absolute distance
between the predicted and the ground truth start/end times.The IoU loss directly
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optimizes the intersection of union objective, which is defined as

Liou = 1− IoU(∆ŝ,∆ê) (4.3)

= 1− min(∆ŝ,∆s) + min(∆ê,∆e)

max(∆ŝ,∆s) + max(∆ê,∆e)
(4.4)

where ∆ŝ,∆ê and ∆s,∆e are the predicted and the ground truth displacements
to the start/end times. If ∆ŝ or ∆ê is zero, its gradient will also be zero, which
could happen due to poor initialization. Distance IoU (DIoU [112]) is proposed to
address the zero-gradient issue by also taking into account the distance between
the two centers of the ground truth box and the predicted box. We end up using
L1 loss based on the ablation in Sec. 4.3.2, and also apply a weight factor α to
balance between the focal loss and L1 loss.

4.3 Experiments

We first describe datasets, evaluation metrics and implementation details in Sec.
4.3.1. We then provide a number of ablations on our architecture design, use of
the text encoder, video-text fusion module and finetuning strategies (Sec. 4.3.2).
Finally, we show the results of our method compared to the state-of-the-art in Sec
4.3.3.

4.3.1 Experimental setup

Datasets and evaluation metrics

Moment retrieval. ActivityNet Captions [99] contains 20,000 videos and 100,000
segments where each is annotated with a caption by human. On average, each cap-
tion contains 13.5 words and videos have an average duration of 2 minutes. The
dataset is divided into three splits, train, val 1, and val 2. Following [45, 98], we
use train split for training, val 1 for validation and val 2 for testing. Charades-
STA [40] contains 6,672 videos and 16,128 segment/caption pairs, where 12,408
pairs are used for training and 3720 for testing. Each video is annotated with 2.4
segments on average and each has an average duration of 8.2 seconds. QVHigh-
lights [48] includes over 10,148 cropped videos (150s long), and each video is
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annotated with at least one query describing the relevant moments (24.6s in av-
erage). In total, there are 10,310 text queries with 18,367 associated moments.
Following [48, 49], we use train split for training and val split for testing. The
most commonly used metric for moment retrieval is the average recall at k com-
puted under different temporal Intersection over Union (IoU) thresholds, which is
defined as the percentage of at least one of the top-k predicted segments having a
larger temporal IoU than the threshold with the ground truth segment, i.e. Recall
@ K, IoU = [0.5, 0.7].

Temporal action localization. ActivityNet 1.3 [100] is a collection of 20,000
untrimmed videos focusing on human actions. Most videos contain only one la-
beled segment and segments in one video are from the same action class. The
dataset is divided into three subsets, train, validation, and test. Following stan-
dard practice [31, 32, 113, 36], we train our models on the training set and report
results on the validation set. The standard evaluation metric for temporal local-
ization is mean Average Precision (mAP) computed under different temporal IoU
thresholds. We report mAP under an IoU threshold of 0.5, denoted as mAP@
0.5IoU. We also report results for the zero-shot setting, following the data split
protocols proposed by [37, 38]: 1) training on 50% of the action labels and testing
on the remaining 50%; 2) training on 75% of the labels and testing on the rest
25%. These are created using 10 random splits of the data, following [37, 38]. In
the rest of contents, we use ANet TAL and ANet MR to denote ActivityNet 1.3
and ActivityNet Captions, respectively.

Action segmentation. The COIN [52] dataset consists of 11,827 training videos
and 2,797 testing videos. Each video is labeled with an average of 3.9 segments
where each segment lasts 14.9 seconds on average. The segment labels describe
a step needed to complete a task, such as ”take out the old bulb”, ”install the
new bulb”, etc. Frame accuracy is the primary metric used in the COIN action
segmentation task, which is defined as the number of correctly predicted frames
divided by the total number of frames. However, given how a large proportion of
the frames are labelled as background (58.9%), a naive majority-class prediction
model will already get an accuracy of 58.9%. Hence, we also report mean Aver-
age Precision (mAP), which averages AP over the classes (excluding background)
and is therefore not directly impacted by the large proportion of background.
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Implementation details

Model Architecture: In UnLoc-Base and Large models, the image and text en-
coders follow the same architecture used in CLIP-B and CLIP-L. The video-text
fusion module is implemented using a 6-layer Transformer and the hidden size
is set to 512 and 768 for UnLoc-B and UnLoc-L and the MLP dimension is set
to 2048 and 3072, respectively, We construct a 4-layer feature pyramid from the
last layer in the video-text fusion module following the procedure described in
Sec. 4.2.3. Following [36], an output regression range is specified for each level
in the pyramid, which is set to [0, 4], [4, 8], [8, 16], [16, inf], respectively ordered
from bottom to the top. All heads across different pyramid levels share the same
weights, and are randomly initialized.

Pretraining: Our models are pretrained on Kinetics (K700 [114] for our best
models, K400 for ablations). The pretraining task is a 400/700-way binary classi-
fication problem using a sigmoid cross entropy loss. For example, for each video
we feed all class names into the text tower and the objective is to classify whether
or not the video matches any of the class names. During Kinetics pretraining,
the image encoder is finetuned and the text encoder is kept frozen to avoid catas-
trophic forgetting due to the fact that we are finetuning on a small fixed set of
vocabulary in Kinetics. The video-text fusion module is always finetuned.

Training: In training the frames are first resized to have a shorter side of 256
and models are trained on a random crop of size 224×224. For TAL and AS class
names are augmented using Kinetics prompts released by [91], e.g., ”a video of a
person doing {label}”. Unless specified otherwise, all TAL and MR models are
trained on 128 frames evenly spaced sampled across the whole video. This follows
the sampling strategy adopted by [36] to deal with videos of varying lengths. Un-
less specified otherwise, for AS on the COIN dataset, we extract the RGB frames
at 2 FPS, which is the labelling resolution. We randomly sample 512 consecu-
tive frames and apply padding for videos with less than 512 frames. All models
are trained using synchronous SGD with a momentum of 0.9 , with a batch size
of 64 . We follow [115] and apply the same data augmentation and regulariza-
tion schemes [116, 117], which were used by [118] to train vision transformers
more effectively. For more implementation details and hyperparameters, we refer
readers to the appendix and code.

Inference: During inference, our results are obtained evaluating a single central
crop of 224 × 224. For AS on COIN, we run our model in a non-overlapping
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Table 4.1: Effect of architecture design and losses. Results are presented on the ANet
TAL for mAP@ 0.5IoU. We compare 4 popular regression losses, two types of feature
pyramids (and no pyramid), and the number of convolutional layers in the localization
heads.

Losses Feature Pyramid # conv layers
L1 IoU L1+IoU DIoU No FPN ViTDet 1 2 3 4
54.6 54.0 53.9 54.1 47.3 53.8 54.7 52.5 53.4 54.7 54.5

Table 4.2: Effect of different text encoders. We use the same frozen CLIP-B image
encoder, with both T5 and CLIP-B text encoders and show results across all tasks. Paired
image/text encoders significantly outperform unpaired encoders for localization tasks.
Note that for COIN, results are reported using mAP.

Text Encoder MParams ANet TAL ANet MR COIN
T5-S 147.1 46.7 39.7 16.1
T5-B 221.5 46.6 39.9 15.9
CLIP-B 174.9 53.3 44.2 16.4

sliding window fashion with a window size of 512 frames. For TAL and AS, we
report two results, one using the first prompt and the other by averaging all 28
context prompts, which is defined as prompt ensembling in [91].

4.3.2 Ablations

We use the hyperparameters described in Sec. 4.3.1 as the default setting for all
experiments in the ablation unless specified otherwise. For AS on COIN we ran-
domly sample 128 consecutive frames (instead of 512) for efficiency during train-
ing for the ablations. For the ablations we report ANet TAL with mAP@0.5IoU,
ANet MR with Recall@ 1 under IoU = 0.5 and COIN with mAP.

Architectural design choices. In Table 4.1, we ablate three design choices:
the loss function, feature pyramid design, and the number of convolution layers
in the localization heads. All losses perform similarly with L1 being slightly
better than other three. ViTDet-style feature pyramid outperforms a standard FPN
[107] as it introduces less additional layers to the pretrained model. Removing the
feature pyramid completely significantly degrades the performance, with a 7.4%

drop. Performance increases as we increase the number of convolution layers but
saturates at 3. The best setup derived here is used by following experiments.

Variations on the text encoder and tokens. In Table 4.2, we freeze the CLIP
image encoder, pair it with different text encoders, and finetune them. Using ”un-
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Table 4.3: Effect of number of text tokens. We show that using all text tokens (16
tokens for both TAL and AS and 32 tokens for MR) performs better than using a single
token in video-text fusion on different tasks. Note that the image encoder is frozen.

# tokens ANet TAL ANet MR COIN
All 53.7 44.2 16.4
One 53.3 42.6 15.7

paired” image-text encoders indeed diminishes the performance on all three tasks,
especially for TAL and MR. For closed-vocabulary tasks, such as TAL, a text en-
coder is not strictly required. We hence compare our model to a version without
the text encoder and try to make minimum changes to ensure a fair comparison.
Without the text tokens the video-text fusion module becomes a temporal encoder
(i.e. a transformer which operates on frame-level features, aggregating tempo-
ral information across them). To enable this ablation, we also modify the linear
projections in Eqn. (4.1) and Eqn. (4.2) as follows:

Ŷ = ZWcls + bcls (4.5)

∆T̂ = relu
(
ZWreg + breg

)
(4.6)

where Z ∈ RN×K are the activiations after convolution layers, Ŷ ∈ RN×C and
∆T̂ ∈ RN×2C are the predicted class logits and start/end time displacements.

After removing the text encoder, the performance on ANet TAL drops from
54.7 mAP@ 0.5IoU to 46.5 (a relative decrease of 15% ). In a second study, we
also compare the performance of using a single text [CLS] token versus using all
the text tokens from the text encoder on different tasks shown in Table 4.3. For
close-vocabulary tasks, such as TAL and AS, all refers to 16 tokens to represent
the class labels and for MR we increase the sequence length to 32 , i.e., captions
contain more words than class labels. We demonstrate that using all tokens gives
better performance on all tasks and such improvement is larger for tasks involved
more complex language queries, such as MR.

Effect of video-text fusion module. We also compare our model with a late-
fusion variant where the frame relevancy scores are computed as the dot product
between the normalized Z and the class label text embeddings. This variant im-
proves over the no-text variant to 49.8 on ANet TAL but still worse than our pro-
posed mid-fusion model. We find that video-text fusion is essential for achieving
good performance on TAL.
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Table 4.4: Effect of freezing or finetuning image/text encoder on different tasks. The
video-text fusion module and heads are always finetuned. For closed-vocabulary tasks,
such as TAL and AS, finetune the image encoder is better (bottom two rows), however,
for tasks involving more complex queries such as MR, finetuning the image encoder
degrades performance (top two rows).

Image/Text encoders ANet TAL ANet MR COIN
frozen/frozen 53.2 43.4 16.1
frozen/finetuned 53.3 44.2 16.4
finetuned/frozen 54.7 39.7 16.6
finetuned/finetuned 54.3 41.2 16.9

Finetuning strategies. Table 4.4 compares four different strategies for finetun-
ing a Kinetics-pretrained model on downstream tasks by either freezing or fine-
tuning each of the two encoders. In this study, we always finetune the video-text
fusion layers and heads. We observe that it is more beneficial to finetune the im-
age encoder for close vocabulary tasks, such as TAL and AS. However, for task
involving more complex queries, such as MR, finetuning the image encoder actu-
ally degrades the performance. A similar phenomenon is also observed by [119],
and may be due to overfitting.

4.3.3 Comparison with the state-of-the-art

In this section we compare to the state-of-the-art for all three tasks individually.
Qualitative examples for each task are provided in Fig. 4.3.

Moment retrieval. For MR models we freeze the image encoder and finetune
the rest of the network following the best strategy derived in Table 4.4. On ANet
MR, our UnLoc-L model achieves a new state-of-the-art improving the previous
best by 2.0% and 0.4% in recall @ 1 under IoU = 0.5 and 0.7, respectively (Table
4.5). On Charades-STA, our UnLocL model improves upon the previous best [47]
by 1.3% and 2.9% on the same two metrics. On ANet MR, UnLocL outperforms
[47] by a larger margin, 6.8% and 7.1%. On QVHighlights, UnLoc- L improves
upon the previous best [122] by 3.7% and 1.7%. Most previous work is built
upon pre-extracted convolutional features, such as I3D [123], P3D [124], C3D
[125], R(2+1)D [126], VGG [127], SlowFast [128], etc., and our work is most
comparable to [48], which also employs CLIP features (in addition to SlowFast
[128] features). Our UnLoc-L model scores 5.1% and 4.4% higher than [48] on
Charades-STA in recall@ 1 under IoU=0.5 and 0.7 . To the best of our knowledge,
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Figure 4.3: Qualitative Results We show results on ActivityNet, Charades and COIN,
for Temporal Action Localization, Moment Retrieval and Action Segmentation
respectively. Predictions are shown in blue, while the ground truth is in green (best
viewed in colour). For action segmentation, the ground truth covers the entire clip. Note
how our model is able to predict accurate boundaries, in some cases better refined than
the ground truth (top row, the arm wrestling action has stopped, however the ground truth
boundary extends for a while after). For the second example for Moment Retrieval (4th
row from top), we show a failure case, where our model detects the moment where the
towel is ’put down’, and not ’on their head’ as perhaps the latter is a rarer occurrence in
the training data.
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Table 4.5: Comparison with the state-of-the-art for Moment Retrieval. We show results
on Charades-STA (test split), ANet MR (val 2 split), and QVHighlights (val split)
datasets.

Method Vision Enc.
R@1 R@5

IoU = 0.5 IoU = 0.7 IoU = 0.5 IoU = 0.7

C
ha

ra
de

s-
ST

A

CTRL [40] C3D 23.6 8.9 58.9 29.5
2D TAN [46] VGG 39.7 23.3 80.3 51.3
VSLNet [120] I3D 47.3 30.2 - -

UMT [49] VGG 49.4 26.2 89.4 55.0
IVG-DCL [121] C3D 50.2 32.9 - -
M-DETR [48] CLIP 55.7 34.2 - -

LGI [47] I3D 59.5 35.5 - -
UnLoc-B CLIP 58.1 35.4 87.4 59.1
UnLoc-L CLIP 60.8 38.4 88.2 61.1

A
N

et
M

R

LGI [47] C3D 41.5 23.1 - -
VSLNet [120] I3D 43.2 26.2 - -
2D TAN [46] C3D 44.5 26.5 77.1 62.0

DRN [45] C3D 45.5 24.4 78.0 50.3
VLG [98] C3D 46.3 29.8 77.2 63.3
UnLoc-B CLIP 48.0 29.7 81.5 61.4
UnLoc-L CLIP 48.3 30.2 79.2 61.3

Q
V

H
ig

hl
ig

ht
s M-DETR [48] SF+CLIP 53.9 34.8 - -

UMT [49] SF+ CLIP 60.3 44.3 - -
QD-DETR [122] SF+CLIP 62.4 45.0 - -

UnLoc-B CLIP 64.5 48.8 - -
UnLoc-L CLIP 66.1 46.7 - -
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Table 4.6: Comparison with the state-of-the-art on ANet TAL. We show results for
finetuning, and both the zero-shot (open-set) protocols introduced by [37]. Our method
outperforms all previous work across all settings, achieving strong gains particularly in
the zero-shot settings.

Setting Method Vision Encoder mAP@0.5IoU

Finetuned

A2Net [129] I3D 43.6
TSP [130] R(2 + 1)D 51.3

GTAN [131] P3D 52.6
VSGN [132] I3D 53.3
TadTR [133] R(2 + 1)D 53.6

PBRNet [134] I3D 54.0
TCANet [135] SlowFast 54.3

ActionFormer [36] R(2 + 1)D 54.7
ContextLoc [136] I3D 56.0

EffPrompt [37] CLIP 44.0
STALE [38] CLIP 54.3
STALE [38] I3D 56.5

UnLoc-B (1st prompt) CLIP 54.6
UnLoc-L (1st prompt) CLIP 58.8

UnLoc-L (prompt ensembling) CLIP 59.3
EffPrompt [37] CLIP 32.0

Zero-shot STALE [38] CLIP 32.1
50% Seen UnLoc-B (1st prompt) CLIP 36.9

50% Unseen UnLoc-L (1st prompt) CLIP 43.2
UnLoc-L (prompt ensembling) CLIP 43.7

EffPrompt [37] CLIP 37.6
Zero-shot STALE [38] CLIP 38.2
75% Seen UnLoc-B (1st prompt) CLIP 40.2

25% Unseen UnLoc-L (1st prompt) CLIP 47.4
UnLoc-L (prompt ensembling) CLIP 48.8

we are the first work employing pure transformer features that achieves state-of-
the-art results on moment retrieval, which has largely been dominated by CNN-
based features.

Temporal localization. Table 4.6 shows results on ANet TAL under two set-
tings (finetuned and zero-shot). In the finetuned setting, we freeze the text encoder
and finetune the rest of the network following the best strategy derived from Table
4. For UnLoc-L we increase the sampled frames to 160 and use a 5-L Feature
Pyramid. As shown in Table 4.6, most high-performance methods are built on
top of 3D convolutional features. There are two previous attempts to replace the
CNN vision encoder by a Transformer encoder. EffPrompt [37], built on top of
frozen CLIP features, scored significantly lower than recent CNN-based models
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Table 4.7: Comparison with the state-of-the-art on COIN for Action Segmentation. We
report results using both frame accuracy (as is standard practice) and mAP, which we
believe is a better metric given that a large proportion (58.9%) of the dataset is labelled
as a single class (background).

Method Frame accuracy mAP
Baseline: predict all background 58.9 0.0
ActBERT [137] 57.0 -
MIL-NCE [54] 61.0 -
TACo [138] 68.4 -
VLM [139] 68.4 -
VideoCLIP [55] 68.7 -
UniVL [56] 70.0 -
UnLoc-B (1st prompt) 68.0 36.2
UnLoc-L (1st prompt) 72.6 47.0
UnLoc-L (prompt ensembling) 72.8 47.7

and STALE [38], which is also built upon CLIP features, achieved competitive re-
sults with the best CNN methods but is 2.2 worse than the same model trained on
two-stream I3D features. To the best of our knowledge, we are the first work that
achieved state-of-the-art results using only Transformer features. Our UnLoc-L
model improved previous best results in terms of mAP@ 0.5IoU by 2.3 and with
prompt ensembling this margin is increased to 2.8 .

For both splits in the zero-shot (open-set) protocols proposed by [37, 38], UnLoc-
B and L outperform previous best by a significant margin. Specifically, UnLoc-L
advances previous state-of-the-art by 11.6 , a relative 36.1% improvement on the
50/50 split and by 10.6 , a relative 27.7% on the 75/25 split.

Action segmentation. Table 4.7 compares our model with previous work and
UnLoc-L outperform previous state-ofthe-art by 2.8% in frame accuracy. Be-
sides architectural differences, we note that previous works [54, 55, 56] pretrain
their models on HowTo100M [57], which consists of around 100M aligned ASR
and video clip pairs, and is also in a similar domain to COIN (instructional web
videos). Our models on the other hand, are initialized from CLIP checkpoints,
which are trained on cleaner web image-text pairs from multiple domains and
finetuned on Kinetics, 10s clips of human activity videos.
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4.4 Conclusions

We propose a new model for video localization tasks, called UnLoc. UnLoc con-
sists of a two-tower CLIP model, the output features of which are fed into a video-
text fusion module and feature pyramid. Unlike previous works, we achieve state-
of-the-art results on 3 different benchmarks (moment retrieval, temporal action
localization and action segmentation) with a single approach, without the need for
action proposals or pretrained video features.

Future work will investigate cotraining on the three localization tasks, pretrain-
ing on large, weakly labelled datasets, exploring highlight detection as an addi-
tional downstream task, and adapting our model to other modalities such as audio
for sound localization [140].
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CHAPTER 5

HIFI TUNER: HIGH-FIDELITY
SUBJECT-DRIVEN FINE-TUNING FOR

DIFFUSION MODELS

5.1 Introduction

Diffusion models [141, 142] have demonstrated a remarkable success in produc-
ing realistic and diverse images. The advent of large-scale text-to-image diffusion
models [62, 61, 143], leveraging expansive web-scale training datasets [144, 145],
has enabled the generation of high-quality images that align closely with textual
guidance. Despite this achievement, the training data remains inherently limited
in its coverage of all possible subjects. Consequently, it becomes infeasible for
diffusion models to accurately generate images of specific, unseen subjects based
solely on textual descriptions. As a result, personalized generation has emerged as
a pivotal research problem. This approach seeks to fine-tune the model with min-
imal additional costs, aiming to generate images of user-specified subjects that
seamlessly align with the provided text descriptions.

We identify three drawbacks of existing popular methods for subject-driven
fine-tuning [68, 146, 69, 147]. Firstly, a notable imbalance exists between sample
quality and parameter efficiency in the fine-tuning process. For example, Textual
Inversion optimizes only a few parameters in the text embedding space, resulting
in poor sample fidelity. Conversely, DreamBooth achieves commendable sample
fidelity but at the cost of optimizing a substantial number of parameters. Ide-
ally, there should be a parameter-efficient method that facilitates the generation
of images with satisfactory sample fidelity while remaining lightweight for im-
proved portability. Secondly, achieving a equilibrium between sample fidelity and
the flexibility to render objects in diverse scenes poses a significant challenge.
Typically, as fine-tuning iterations increase, the sample fidelity improves, but the
flexibility of the scene coverage diminishes. Thirdly, current methods struggle to
accurately preserve the appearance of the input object. Due to the extraction of
subject representations from limited data, these representations offer weak con-
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Figure 5.1: Illustration of HiFi Tuner. We first learn the step-wise subject
representations with subject source images and masks. Then, we select and transform the
reference image, and use DDIM inversion to obtain its noise latent trajectory. Finally, we
generate an image controlled by the prompt, the step-wise subject representations and
the reference subject guidance.

straints to the diffusion model. Consequently, unwanted variations and artifacts
may appear in the generated subject.

In this study, we introduce a novel framework named HiFi Tuner for subject
fine-tuning that prioritizes improving the sample fidelity while preserving the
scene coverage. We first introduce a step-wise subject representation learning
strategy that distinguishes the functions of subject representations at different de-
noising time steps. This strategy incorporates a mask guidance to reduce the influ-
ence of the image background for subject representations and a novel parameter
regularization method to sustain the model’s scene coverage capability. Then, we
propose a reference-guided generation method that leverages pivotal inversion of
a reference image. By integrating guiding information into the step-wise denois-
ing process, we effectively mitigate the unwanted variations and artifacts in the
generated subjects. Furthermore, our framework demonstrates versatility by ex-
tending its application to a novel image editing task: substituting the subject in an
image with a user-specified subject through textual manipulations.

We summarize the contributions of our work as follows. Firstly, we propose
a step-wise subject representation learning strategy that significantly helps the
diffusion model generate samples with improved sample fidelity. Secondly, we
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introduce a novel reference-guided generation process that successfully addresses
unwanted subject variations and artifacts in the generated images. Thirdly, we
extend the application of our methodology to a new subject-driven image editing
task, showcasing its versatility and applicability in diverse scenarios. Finally, we
demonstrate the generic nature of HiFi Tuner by showcasing its effectiveness in
enhancing the performance of both the Textual Inversion and the DreamBooth,
which results in a new state of the art in subject-driven fine-tuning for diffusion
models.

5.2 Methods

In this section, we elaborate HiFi Tuner in details. We show the framework of
HiFi Tuner in Fig. 5.2. In section 5.2.1, we present some necessary backgrounds
for our work. In section 5.2.2, we introduce the step-wise subject representation
learning strategy that helps preserving the subject identity. In section 5.2.3, we
introduce the reference-guided generation technique, which merits the image in-
version process to better preserve subject details. In section 5.2.4, we introduce an
extension of our work on a novel image editing application – personalized subject
replacement with only textual prompt edition.

5.2.1 Backgrounds

Stable diffusion [61] is a widely adopted framework in the realm of text-to-
image diffusion models. Unlike other methods [62, 143], Stable diffusion is
a latent diffusion model, where the diffusion model is trained within the latent
space of a Variational Autoencoder (VAE). To accomplish text-to-image genera-
tion, a text prompt undergoes encoding into textual embeddings c using a CLIP
text encoder[91]. Subsequently, a random Gaussian noise latent xT is initialized.
The process then recursively denoises noisy latent xt through a noise predictor
network ϵθ with the conditioning of c. Finally, the VAE decoder is employed to
project the denoised latent x0 onto an image. During the sampling process, a
commonly applied mechanism involves classifier-free guidance [149] to enhance
sample quality. Additionally, deterministic samplers, such as DDIM [150], are
employed to improve sampling efficiency. The denoising process can be expressed
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Figure 5.2: The framework of HiFi Tuner. The grey arrows stand for the data flow
direction. The red arrows stand for the gradient back propagation direction. SAM stands
for the Segment Anything [148] model. DM stands for the Stable Diffusion [61] model.
DDIM and DDIM−1 stands for the DDIM denoising step and inversion step
respectively.

as

xt−1 = F (t)(xt, c, ϕ)

= βtxt − γt(wϵθ(xt, c) + (1− w)ϵθ(xt, ϕ)).
(5.1)

where βt and γt are time-dependent constants; w is the classifier-free guidance
weight; ϕ is the CLIP embedding for a null string.

Textual inversion [69]. As a pioneer work in personalized generation, Textual
Inversion introduced the novel concept that a singular learnable textual token is
adequate to represent a subject for the personalization. Specifically, the method
keeps all the parameters of the diffusion model frozen, exclusively training a word
embedding vector cs using the diffusion objective:

Ls(cs) = min
cs

∥ϵθ(xt, [c, cs])− ϵ∥22, (5.2)

where [c, cs] represents replacing the object-related word embedding in the em-
bedding sequence of the training caption (e.g. “a photo of A”) with the learnable
embedding cs. After cs is optimized, this work applies F (t)(xt, [c, cs], ϕ) for gen-
erating personalized images from prompts.

Null-text inversion [74] method introduces an inversion-based approach to im-
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age editing, entailing the initial inversion of an image input to the latent space,
followed by denoising with a user-provided prompt. This method comprises two
crucial processes: a pivotal inversion process and a null-text optimization process.
The pivotal inversion involves the reversal of the latent representation of an input
image, denoted as x0, back to a noise latent representation, xT , achieved through
the application of reverse DDIM. This process can be formulated as reparameter-
izing Eqn. (5.1) with w = 1:

xt+1 = F−1(t)(xt, c) = βtxt + γtϵθ(xt, c) (5.3)

We denote the latent trajectory attained from the pivotal inversion as [x∗
0, ..., x

∗
T ].

However, naively applying Eqn. (5.1) for x∗
T will not restore x∗

0, because ϵθ(xt, c) ̸=
ϵθ(x

∗
t−1, c). To recover the original image, Null-text inversion trains a null-text

embedding ϕt for each timestep t force the the denoising trajectory to stay close
to the forward trajectory [x∗

0, ..., x
∗
T ]. The learning objective is

L
(t)
h (ϕt) = min

ϕt

∥x∗
t−1 − F (t)(xt, c, ϕt)∥22. (5.4)

After training, image editing techniques such as the prompt-to-prompt [73] can be
applied with the learned null-text embeddings {ϕ∗

t} to allow manipulations of the
input image.

5.2.2 Learning step-wise subject representations

We observe that the learned textual embedding, cs, plays distinct roles across var-
ious denoising time steps. In early time steps where t is large, the primary focus
is on generating high-level image structures, while at smaller values of t, the de-
noising process shifts its emphasis toward refining finer details. Our analysis of cs
across time steps, presented in Fig. 5.3, underscores these variations. To address
this issue, we first propose a better loss function combining a mask guidance and
a parameter regularization; then, we come up with a method to distinguish subject
representations per time step.

The subject representations, cs, in textual inversion is susceptible to be influ-
enced by the backgrounds of the training images. This influence often imposes
constraints on the style and scene of generated samples and makes the identity
preservation more difficult. To address this issue, we propose to use subject masks
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1

Figure 5.3: Step-wise function analysis of cs. We generate an image from a noise latent
with DDIM and an optimized cs representing a subject dog. The text prompt is ”A sitting
dog”. The top image is the result generated image. We follow [73] to obtain the attention
maps with respect to the 5 token embeddings of cs as shown in the below images. The
numbers to the left refer to the corresponding DDIM denoising steps. In time step 50, the
5 token embeddings of cs are attended homogeneously across the latent vectors. In time
step 1, these token embeddings are attended mostly by the subject detailed regions such
as the forehead, the eyes, the ears, etc.

to confine the loss during the learning process of cs. This approach ensures that
the training of cs predominantly focuses on subject regions. We use Segment Any-
thing (SAM) [148] to obtain binary masks of the subjects in the source images.
Then, we introduce a regularization term to achieve the equilibrium between the
identity preservation and the ability of generating diverse scenes. The Eqn. (5.2)
is thus updated to a new loss:

Ls(cs) = min
cs

∥M ⊙ (ϵθ(xt, [c, cs])− ϵ)∥22 + ws∥cs − ϕs∥22. (5.5)

where ⊙ stands for element-wise product, M stands for a binary mask of the
subject. cs ∈ Rn×d where n is the number of tokens and d is the embedding
dimension, and ws is a regularization hyper-parameter. We define ϕs as the last
n embeddings of ϕ. Substituting the last n embeddings in c with cs forms [c, cs].
It is noteworthy that [c, cs] = c if cs is not optimized, given that ϕ constitutes the
padding part of the embedding. This regularization serves two primary purposes.
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Algorithm 3: Optimization algorithm for cts. T is DDIM time steps. I is the
optimization steps per DDIM time step. X0 is the set of encoded latents of the
source images. Ns(·) is the DDIM noise scheduler. Ls(·) refers to the loss
function in Eqn. (5.5).

Result: Cs

Cs = {}, cT+1
s = cs

for t = [T, ..., 1] do
cts = ct+1

s

for i = [1, ..., I] do
ϵ ∼ N (0, 1), x0 ∈ X0, xt = Ns(x0, ϵ, t)
cts = cts − η∇cts

Ls(c
t
s)

Cs = Cs ∪ {cts}

Firstly, the stable diffusion model is trained with a 10% caption drop, simplifying
the conditioning to ϕ and facilitating classifier-free guidance [149]. Consequently,
ϕ is adept at guiding the diffusion model to generate a diverse array of scenes,
making it an ideal anchor point for the learned embedding. Secondly, due to
the limited data used for training the embedding, unconstrained parameters may
lead to overfitting with erratic scales. This overfitting poses a risk of generating
severely out-of-distribution textual embeddings.

To distinguish the subject representations at different denoising stages, we in-
troduce time-dependent embeddings, cts, at each time step instead of a single cs

to represent the subject. This leads to a set of embeddings, [c1s, ..., c
T
s ], work-

ing collectively to generate images. To ensure smooth transitions between time-
dependent embeddings, we initially train a single cs across all time steps. Subse-
quently, we recursively optimize cts following DDIM time steps, as illustrated in
Algorithm 3. This approach ensures that cts is proximate to ct+1

s by initializing it
with ct+1

s and optimizing it for a few steps. After training, we apply

xt−1 = F (t)(xt, [c, c
t
s], ϕ) (5.6)

with the optimized [c1s, ..., c
T
s ] to generate images.

5.2.3 Reference-guided generation

Shown in Figure 5.2, we perform our reference-guided generation in three steps.
First, we determine the initial latent xT and follow the DDIM denoising process
to generate an image. Thus, we can determine the subject regions of {xt} re-
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quiring guiding information and the corresponding reference image. Second, we
transform the reference image and inverse the latent of the transformed image to
obtain a reference latent trajectory, [x∗

0, ..., x
∗
T ]. Third, we start a new denoising

process from xT and apply the guiding information from [x∗
0, ..., x

∗
T ] to the guided

regions of {xt}. Thereby, we get a reference-guided generated image.
Guided regions and reference image. First, we determine the subject regions

of xt that need the guiding information. Notice that xt ∈ RH×W×C , where H , W
and C are the height, width and channels of the latent xt respectively. Following
the instance segmentation methods [77, 151], we aim to find a subject binary mask
Mg to determine the subset xs

t ∈ Rm×C corresponding to the subject regions. Be-
cause DDIM [150] is a deterministic denoising process as shown in Eqn. (5.1),
once xT , c and ϕ are determined, the image to be generated is already determined.
Therefore, we random initialize xT with Gaussian noise; then, we follow Eqn.
(5.6) and apply the decoder of the stable diffusion model to obtain a generated
image, Ig1; by applying Grounding SAM [152, 148] with the subject name to Ig1

and resizing the result to H × W , we obtain the subject binary mask Mg. Sec-
ond, we determine the reference image by choosing the source image with the
closest subject appearance to the subject in Ig1, since the reference-guided gener-
ation should modify {xt} as small as possible to preserve the image structure. As
pointed out by DreamBooth [68], DINO [153] score is a better metric than CLIP-I
[91] score in measuring the subject similarity between two images. Hence, we
use ViT-S/16 DINO model [153] to extract the embedding of Ig1 and all source
images. We choose the source image whose DINO embedding has the highest
cosine similarity to the DINO embedding of Ig1 as the reference image, Ir. We
use Grounding SAM [152, 148] to obtain the subject binary mask Mr of Ir.

Reference image transformation and inversion. First, we discuss the trans-
formation of Ir. Because the subject in Ig1 and the subject in Ir are spatially
correlated with each other, we need to transform Ir to let the subject better align
with the subject in Ig1. As the generated subject is prone to have large appearance
variations, it is noneffective to use image registration algorithms, e.g. RANSAC
[154], based on local feature alignment. We propose to optimize a transformation
matrix

Tθ =

θ1 0 0

0 θ1 0

0 0 1


cos(θ2) − sin θ2 0

sin θ2 cos(θ2) 0

0 0 1


1 0 θ3

0 1 θ4

0 0 1

 (5.7)

composed of scaling, rotation, and translation such that Tθ(Mr) best aligns with
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Algorithm 4: Reference-guided generation algorithm. J is the number of
optimization steps for ϕh per denoising step. L(t)

h (·) refers to the loss function
in Eqn. (5.9).

Result: x0
Inputs: ts, te, xT , M∗

r , c, ϕ, [c1s, ..., c
T
s ], [x

∗
0, ..., x

∗
T ]

for t = [T, ..., 1] do
if t == ts then

ϕh = ϕ
xt[M

∗
r ] = x∗t [M

∗
r ]

xt−1 = F (t)(xt, [c, c
t
s], ϕ)

if t ⩽ ts and t ⩾ te then
for j = [1, ..., J ] do

ϕh = ϕh − η∇ϕh
L
(t)
h (ϕh)

xt−1[M
∗
r ] = F (t)(xt, [c, c

t
s], ϕh)[M

∗
r ]

Mg. Here, {θi} are learnable parameters, and Tθ(·) is the function of applying the
transformation to an image. Tθ can be optimized with

Lt = min
θ

∥Tθ(Mr)−Mg∥11. (5.8)

Please refer to Appendix B.1 for a specific algorithm optimizing Tθ. We denote the
optimized Tθ as T ∗

θ and the result of T ∗
θ (Mr) as M∗

r . Thereafter, we can transform
Ir with T ∗

θ (Ir) to align the subject with the subject in Ig1. Notice that the subject
in T ∗

θ (Ir) usually does not perfectly align with the subject in Ig1. A rough spatial
location for placing the reference subject should suffice for the reference guiding
purpose in our case. Second, we discuss the inversion of T ∗

θ (Ir). We use BLIP-
2 model [155] to caption Ir and use a CLIP text encoder to encode the caption
to cr. Then, we encode T ∗

θ (Ir) into x∗
0 with a Stable Diffusion image encoder.

Finally, we recursively apply Eqn. (5.3) to obtain the reference latent trajectory,
[x∗

0, ..., x
∗
T ].

Generation process. There are two problems with the reference-guided gener-
ation: 1) the image structure needs to be preserved; 2) the subject generated needs
to conform with the context of the image. We reuse xT in step 1 as the initial
latent. If we follow Eqn. (5.6) for the denoising process, we will obtain Ig1. We
aim to add guiding information to the denoising process and obtain a new image
Ig2 such that the subject in Ig2 has better fidelity and the image structure is similar
to Ig1. Please refer to Algorithm 4 for the specific reference-guided generation
process. As discussed in Section 5.2.2, the stable diffusion model focuses on the
image structure formation at early denoising steps and the detail polishing at later
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steps. If we incur the guiding information in early steps, Ig2 is subject to have
structural change such that M∗

r cannot accurately indicate the subject regions. It
is harmful to enforce the guiding information at later steps either, because the
denoising at this stage gathers useful information mostly from the current latent.
Therefore, we start and end the guiding process at middle time steps ts and te re-
spectively. At time step ts, we substitute the latent variables corresponding to the
subject region in xt with those in x∗

t . We do this for three reasons: 1) the substitu-
tion enables the denoising process to assimilate the subject to be generated to the
reference subject; 2) the latent variables at time step ts are close to the noise space
so that they are largely influenced by the textual guidance as well; 3) the substitu-
tion does not drastically change the image structure because latent variables have
small global effect at middle denoising steps. We modify Eqn. (5.4) to Eqn. (5.9)
for guiding the subject generation.

L
(t)
h (ϕh) = min

ϕh

∥x∗
t−1[M

∗
r ]− F (t)(xt, [c, c

t
s], ϕh)[M

∗
r ]∥22 (5.9)

Here, xt[M ] refers to latent variables in xt indicated by the mask M . Because
ϕh is optimized with a few steps per denoising time step, the latent variables cor-
responding to the subject regions change mildly within the denoising time step.
Therefore, at the next denoising time step, the stable diffusion model can adapt the
latent variables corresponding to non-subject regions to conform with the change
of the latent variables corresponding to the subject regions. Furthermore, we can
adjust the optimization steps for ϕh to determine the weight of the reference guid-
ance. More reference guidance will lead to a higher resemblance to the reference
subject, while less reference guidance will result in more variations for the gener-
ated subject.

5.2.4 Personalized subject replacement

We aim to use the learned subject textual representations to replace the sub-
ject in an image with the user-specified subject. Although there are methods
[156, 157, 158, 159] inpainting the image area with a user-specified subject, our
method has two advantages over them. First, we do not specify the inpainting
area of the image; instead, our method utilize the correlation between the tex-
tual embeddings and the latent variables to identify the subject area. Second, our
method can generate a subject with various pose and appearance, such that the
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Algorithm 5: Personalized subject replacement algorithm. F−1(t) refers to
Eqn. (5.3). K is the optimization steps for null-text optimization. L(t)

h (·) refers
to Eqn. (5.4)

Result: xg0
Inputs: xr0, cr, cg, [c1s, ..., c

T
s ]

xr0
∗ = xr0

for t = [0, ..., T − 1] do
xrt+1

∗ = F−1(t)(xrt
∗, cr)

xrT = xrT
∗, ϕT = ϕ

for t = [T, ..., 1] do
for k = [1, ...,K] do

ϕt = ϕt − η∇ϕtL
(t)
h (ϕt)

xrt−1, a
r
t
∗ = A(t)(xrt , c

r, ϕt)
ϕt−1 = ϕ∗

t = ϕt

xgT = xrT
∗

for t = [T, ..., 1] do
xgt−1 = F̃

(t)
[cts,wg ]

(xgt , [c
g, cts], ϕ

∗
t , a

r
t
∗)

added subject better conforms to the image context.
We first follow the fine-tuning method in Section 5.2.2 to obtain the step-wise

subject representations [c1s, ..., c
T
s ]. We encode the original image Ir to xr

0 with the
Stable Diffusion image encoder; then, we use BLIP-2 model [155] to caption Ir

and encode the caption into cr with the Stable Diffusion language encoder. We
identify the original subject word embedding in cr and substitute that with the
new subject word embedding wg to attain a cg (e.g. ‘cat’ → ‘dog’ in the sentence
‘a photo of siting cat’). Then, we follow Algorithm 5 to generate the image with
the subject replaced. Referring to the prompt-to-prompt paper [73], we store the
step-wise cross attention weights with regard to the word embeddings in cr to art

∗.
A(t)(·, ·, ·) performs the same operations as F (t)(·, ·, ·) in Eqn. (5.1) but returns
xt−1 and art

∗. We also modify F (t)(·, ·, ·) to F̃
(t)
[cts,wg ]

(·, ·, ·, art ∗) such that all token
embeddings use fixed cross attention weights art

∗ except that [cts, wg] use the cross
attention weights of the new denoising process.

5.3 Experiments

Dataset. We use the DreamBooth [68] dataset for evaluation. It contains 30 sub-
jects: 21 of them are rigid objects and 9 of them are live animals subject to large
appearance variations. The dataset provides 25 prompt templates for generating
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“A backpack on top of 
green grass with 
sunflowers around it.”

“A backpack on top of the 
sidewalk in a crowded 
street.”

“A can with a tree and 
autumn leaves in the 
background.”

“A candle in the jungle.”

“A race car toy in the 
snow.”

“A robot toy sits on top of 
a wooden table.”

(a)

(b)

(c)

(d)

(e)

(f)

source image textual inversion ours (TI) DreamBooth ours (DB)

Figure 5.4: Qualitative comparison. We implement our fine-tuning method based on
both Textual Inversion (TI) and DreamBooth (DB). A visible improvement is made by
comparing the images in the third column with those in the second column and
comparing the images in the fifth column and those in the forth column.

images. Following DreamBooth, we fine-tune our framework for each subject and
generate 4 images for each prompt template, totaling 3,000 images.

Settings. We adopt the pretrained Stable Diffusion [61] version 1.4 as the text-
to-image framework. We use DDIM with 50 steps for the generation process. For
HiFi Tuner based on Textual Inversion, we implement both the learning of subject
textual embeddings described in Section 5.2.2 and the reference-guided genera-
tion described in Section 5.2.3. We use 5 tokens for cs and adopts an ADAM
[160] optimizer with a learning rate 5e−3 to optimize it. We first optimize cs for
1000 steps and then recursively optimize cts for 10 steps per denoising step. We
set ts = 40 and te = 10 and use an ADAM [160] optimizer with a learning rate
1e−2 to optimize ϕh. We optimize ϕh for 10 steps per DDIM denoising step. For
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Table 5.1: Quantitative comparison.

Method DINO ↑ CLIP-I ↑ CLIP-T ↑

Real images 0.774 0.885 N/A
Stable Diffusion 0.393 0.706 0.337

Textual Inversion [69] 0.569 0.780 0.255
Ours (Textual Inversion) 0.665 0.807 0.291

DreamBooth [68] 0.668 0.803 0.305
Ours (DreamBooth) 0.680 0.809 0.317

Table 5.2: State-of-the-art comparison. ∗Anydoor is an subject inpainting method and
thus does not measure vision-language alignment with CLIP-T score.

Method DINO ↑ CLIP-I ↑ CLIP-T ↑

Textual Inversion [69] 0.569 0.780 0.255
ViCo [161] 0.631 0.809 0.229
BLIP-diffusion [162] 0.670 0.805 0.302
DreamBooth [68] 0.668 0.803 0.305
AnyDoor∗ [163] 0.678 0.821 -

Ours (Textual Inversion) 0.665 0.807 0.291
Ours (DreamBooth) 0.680 0.809 0.317

HiFi Tuner based on DreamBooth, we follow the original subject representation
learning process and implement the reference-guided generation described in Sec-
tion 5.2.3. We use the same optimization schedule to optimize ϕh as mentioned
above. For the reference-guided generation, we only apply HiFi Tuner to the 21
rigid objects, because their appearances vary little and have strong need for the
detail preservation.

Evaluation metrics. Following DreamBooth [68], we use DINO score and
CLIP-I score to measure the subject fidelity and use CLIP-T score the measure
the prompt fidelity. CLIP-I score is the average pairwise cosine similarity between
CLIP [91] embeddings of generated images and real images, while DINO score
calculates the same cosine similarity but uses DINO [153] embeddings instead of
CLIP embeddings. As pointed out in the DreamBooth paper [68], DINO score
is a better means than CLIP-I score in measuring the subject detail preservation.
CLIP-T score is the average cosine similarity between CLIP [91] embeddings of
the pairwise prompts and generated images.

Qualitative comparison. Fig. 5.4 shows the qualitative comparison between
HiFi Tuner and other fine-tuning frameworks. HiFi Tuner possesses three ad-
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Table 5.3: Ablation study.

Method DINO ↑ CLIP-I ↑ CLIP-T ↑

Baseline (Textual Inversion) 0.567 0.786 0.293
+ mask and regularization 0.612 0.789 0.294
+ step-wise representations 0.626 0.790 0.292
+ reference guidance 0.665 0.807 0.291

Baseline (DreamBooth) 0.662 0.803 0.315
+ reference guidance 0.680 0.809 0.317

vantages compared to other methods. First, HiFi Tuner is able to diminish the
unwanted style change for the generated subjects. As shown in Fig. 5.4 (a) & (b),
DreamBooth blends sun flowers with the backpack, and both DreamBooth and
Textual Inversion generate backpacks with incorrect colors; HiFi Tuner maintains
the styles of the two backpacks. Second, HiFi Tuner can better preserve details of
the subjects. In Fig. 5.4 (c), Textual Inversion cannot generate the whale on the
can while DreamBooth generate the yellow part above the whale differently com-
pared to the original image; In Fig. 5.4 (d), DreamBooth generates a candle with a
white candle wick but the candle wick is brown in the original image. Our method
outperforms Textual Inversion and DreamBooth in preserving these details. Third,
HiFi Tuner can better preserve the structure of the subjects. In Fig. 5.4 (e) & (f),
the toy car and the toy robot both have complex structures to preserve, and Textual
Inversion and DreamBooth generate subjects with apparent structural differences.
HiFi Tuner makes improvements on the model’s structural preservation capability.

Quantitative comparison. We show the quantitative improvements HiFi Tuner
makes in Table 5.1. HiFi Tuner improves Textual Inversion for 9.6 points in DINO
score and 3.6 points in CLIP-T score, and improves DreamBooth for 1.2 points in
DINO score and 1.2 points in CLIP-T score. We also compare our methods to the
state-of-the-art methods shown in Fig. 5.2.

Ablation studies. We present the quantitative improvements of adding our
proposed techniques in Table 5.3. We observe that fine-tuning either DreamBooth
or Textual Inversion with more steps leads to a worse prompt fidelity. Therefore,
we fine-tune the networks with fewer steps than the original implementations,
which results in higher CLIP-T scores but lower DINO scores for the baselines.
Thereafter, we can use our techniques to improve the subject fidelity so that both
DINO scores and CLIP-T scores can surpass the original implementations. For
HiFi Tuner based on Textual Inversion, we fine-tune the textual embeddings with
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source images input image result image

A toy duck sits on a rock with ocean in the background

A candle sits on a rock with ocean in the background Null-text inversion ours

Figure 5.5: Results for personalized subject replacement.

1000 steps. The four proposed techniques make steady improvements over the
baseline in DINO score while maintain CLIP-T score. The method utilizing all
of our proposed techniques makes a remarkable 9.8-point improvement in DINO
score over the baseline. For HiFi Tuner based on DreamBooth, we fine-tune all
the diffusion model weights with 400 steps. By utilizing the reference-guided
generation, HiFi Tuner achieves a 1.8-point improvement over the baseline in
DINO score.

Results for personalized subject replacement. We show the qualitative re-
sults in Fig. 5.5. More results can be found in Appendix B.2. Personalized
subject replacement is a new task we proposed in this paper. Null-text inversion is
not able to substitute the subject in an image with user-provided subject, as shown
in Fig. 5.5. Image inpainting methods are not capable of generating a subject
with variations in accordance with the image background. Therefore, they are not
directly comparable with our method.

5.4 Discussions

Time complexity. First, there exists a trade-off between the sample fidelity and
the time cost. Current fine-tuning strategies struggle to preserve the details of
subjects. Even DreamBooth cannot perfectly preserve the structural layout of a
subject as shown in Fig. 5.4. Therefore, we think it is reasonable to propose a
viable means to improve the sample fidelity first. Second, our method consumes
reasonable time for the fine tuning process. We only fine tune the framework with
650 steps for the subject textual representations or 400 steps for diffusion model
weights. This is much shorter than Textual Inversion (5000 steps) or DreamBooth
(1000 steps). However, our method takes more time (∼2 minutes on A100) for
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Reference-Guided Generation which is on-par with the null-text inversion method.
Success rate of generation: It is worth mentioning that it lacks a well-recognized

metric in measuring the success rate to the best of our knowledge, because the
judge of the quality of the generated image is quite subjective. However, our
method builds on top of either Textual Inversion or DreamBooth; according to our
empirical experiments, we do not find obvious difference in success rate of gen-
eration comparing our method to Textual Inversion or DreamBooth separately.

5.5 Conclusions

In this work, we introduce a parameter-efficient fine-tuning method that can boost
the sample fidelity and the prompt fidelity based on either Textual Inversion or
DreamBooth. We propose step-wise subject representations comprising mask
guidance and parameter regulations to improve the sample fidelity. We invents
a reference-guided generation technique to mitigate the unwanted variations and
artifacts for the generated subjects. We also exemplify that our method can be
extended to substitute a subject in an image with personalized item by textual
manipulations.
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CHAPTER 6

CONCLUSIONS AND FUTURE WORKS

In this dissertation, we have embarked on an in-depth exploration of Vision-
Language Models (VLMs), focusing on three critical aspects: reasoning, scaling,
and generating. Our journey through the intricate landscape of VLMs has revealed
both the vast potential and the significant challenges inherent in integrating visual
and linguistic information to create models that can understand, interpret, and
generate human-like responses.

Reasoning with VLMs has shown us the importance of developing models ca-
pable of complex cognitive processes, such as inference and deduction, within
multimodal contexts. We create a framework that bridges the gap between the
high-dimensional, continuous data of visual inputs and the discrete, symbolic rea-
soning processes that characterize human cognitive capabilities. By introducing
an induced symbolic space, our method enables the extraction and manipulation
of symbolic representations directly from raw visual data, thereby facilitating a
form of interpretable visual reasoning that is both robust and adaptable across di-
verse tasks. We demonstrated through extensive experiments that our approach
not only achieves competitive performance on benchmark datasets but also pro-
vides insights into the reasoning process through the interpretability of the induced
symbolic space. This interpretability allows for an intuitive understanding of the
model’s decision-making process, making it more transparent and trustworthy,
especially in critical applications where explainability is paramount.

Scaling VLMs has been another cornerstone of our exploration. As we push
the boundaries of what these models can achieve, the computational and data re-
quirements have grown exponentially. Our work has contributed to more efficient
and effective scaling methods, ensuring that the growth in model capabilities is
sustainable and accessible. Specifically, we introduce a groundbreaking approach
to tackling the challenges inherent in video localization tasks, including moment
retrieval, temporal action localization and temporal segmentation. By presenting
a unified framework that leverages shared structures and methodologies across
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these tasks, we have demonstrated not only the feasibility of such an approach but
also its effectiveness in improving performance and efficiency across a variety of
benchmarks. Our extensive experiments and evaluations reveal that UnLoc sig-
nificantly outperforms existing methods in accuracy, scalability, and adaptability,
highlighting the benefits of a unified approach to video localization. The frame-
work’s ability to seamlessly integrate with different video analysis tasks and its
flexibility in accommodating various types of input data make it a versatile tool
for researchers and practitioners alike.

Generating with VLMs has perhaps been the most visually captivating aspect
of our research. We have delved into the creative potential of VLMs with diffu-
sion models, harnessing their ability to produce rich, coherent, and contextually
relevant visual contents. In this dissertation, we introduce a novel fine-tuning
framework designed to significantly enhance the performance of diffusion mod-
els for generating high-fidelity outputs tailored to specific subjects according to
textual prompts. This approach incorporates mask guidance, a novel parameter
regularization and a step-wise subject representation learning strategy to improve
the subject fidelity. Plus, we propose a reference-guided generation method to mit-
igate the unwanted artifacts for the generated subjects. Through rigorous testing,
HiFi Tuner has demonstrated superior performance compared to existing meth-
ods, showcasing its ability to produce highly accurate and subject-relevant results.
The work emphasizes the framework’s potential to transform the customization
and application of generative models, paving the way for future advancements in
tailored content creation and problem-solving in digital environments.

Looking forward, the potential applications of VLMs are vast and varied, rang-
ing from enhancing accessibility with automated content generation to providing
sophisticated tools for education, entertainment, and beyond. To solidify the use
of VLMs, we suggest the following future works to be done.

1. Improved Multimodal Fusion Techniques: Developing more sophisticated
methods for integrating visual and textual information can enhance the model’s
understanding and generation capabilities. Future research could explore deeper,
more complex architectures that allow for a more seamless and effective fusion of
modalities.

2. Enhanced Interpretability and Explainability: While VLMs can achieve
impressive performance, understanding how these models make decisions is cru-
cial, especially for applications in sensitive areas. Research focused on making
VLMs more interpretable and explainable to humans can increase trust and facil-
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itate wider adoption.
3. Broader cross-modality Generation: Exploring advanced techniques for

cross-modality generation can open up new possibilities for creative and practical
applications. For example, develop a unified model capable of generating videos,
images, texts with user-defined prompts as the users wish.

4. Efficient Training and Inference: As VLMs grow in complexity, their
computational requirements also increase. Research into more efficient training
and inference methods can help reduce the environmental impact and make these
models more accessible to researchers and practitioners with limited resources.

As we chart more powerful VLMs, we must also be vigilant about the ethi-
cal implications and strive to ensure that these technologies are developed and
deployed in a manner that is beneficial and equitable for all.

In conclusion, this dissertation contributes to the field of AI by advancing our
understanding of reasoning, scaling, and generating with Vision-Language Mod-
els. It lays a foundation for future research and application, highlighting the in-
credible potential of these models to transform our interaction with technology
and, by extension, the world around us. The journey ahead is both exciting and
daunting, but with continued innovation, collaboration, and consideration, we can
navigate the challenges and harness the power of VLMs to create a better future.
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APPENDIX A

APPENDIX TO INTERPRETABLE VISUAL
REASONING VIA INDUCED SYMBOLIC

SPACE

A.1 Details of compositional reasoning frameworks

Baseline visual reasoning framework The original compositional reasoning
framework [5] is similar to the phase 1 of our framework in Figure 2 of the main
paper, except that it works on pixel-level instead of object-level features. To gen-
erate vs, it feeds the image to a ResNet101 [76] pretrained on ImageNet [78] and
flatten the last feature maps across the width and height as vs. For the question in-
puts, we first convert each question word to its word embedding vector (ws), then
input ws to a bidirectional LSTM [164, 165] to extract the question embedding
vector q. The compositional reasoning module takes vs, ws and q as inputs and
performs multi-step reasoning to attain m, the final step memory output. Finally,
the classifier outputs the probability for each answer choice with a linear classifier
over the concatenation of m and q.

The MAC reasoning module At each step, the i-th MAC cell receives the con-
trol signal ci−1 and the memory output from the previous step, mi−1, and outputs
the new memory vector mi. The control unit computes the single ci to control
reading of vs in the R/W unit. Specifically, it computes the interactions among
ci−1, qi, and each vector in ws to produce the attention weights, and weighted
averages ws to produce ci. The control unit of each MAC cell has a unique ques-
tion embedding projection layer, while all other layers are shared. The R/W unit
aims to read the useful vs and store the read information into mi. It first computes
the interactions among mi−1, ci−1 and each vector in vs to attain the attention
weights, weighted averages vs to produce a read vector ri, and finally computes
the interaction of ri and mi−1 to produce mi. The weights of the R/W units are
shared across all MAC cells. The initial control signal and memory c0 and m0 are
learnable parameters.
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A.2 Implementation details

CLEVR We set the hidden dimension D to 512 in all modules. We follow
[5] to design the question embedding module, the compositional module and the
classifier. For the object-level feature extracter, we make the backbone ResNet34
learnable and zero-pad the output vs to 12 vectors in total for any image. Notice
that the maximum number of objects in an image is 11, so that the reasoning
module is able to read nothing into the memory for some steps. For the concept
projection module, to cover the full view of vs, the conv1D consists of five 1D
convolution layers with kernel sizes (7,5,5,5,5), each followed by a Batch Norm
layer [166] and an ELU activation layer [167].

We use Adam optimizer [160] with momentum 0.9 and 0.999. Phase 1 and
phase 2 share a same training schedule: the learning rate is initiated with 10−4 for
the first 20 epochs and is halved every 5 epochs afterwards until stopped at the
40th epoch. We train the concept regression module separately with learning rate
of 10−4 for 6 epochs. All the training process is conducted with a batch size of
256.

GQA The implementation details in the GQA setting basically follows the de-
tails on CLEVR. To better handle the complexity in GQA, we concatenate the
object features with their corresponding bounding box coordinates to enhance the
objects’ location representations similar to [82]. We use GloVe [168] to initialize
question word embeddings and maintain an exponential moving average with a
decay rate of 0.999 to update the model parameters.

A.3 Visualization of the induced concept hierarchy

After visual mapping, binary coding and concept/super-concept induction, the
unary concepts and super concepts are induced as shown in Figure A.1; the binary
concepts are ’left’, ’right’, ’front’ and ’behind’, and {’left’, ’right’} and {’front’,
’behind’} form two super concept sets.

The generated concept hierarchy perfectly recovers the definition in CLEVR
data generator and matches human prior knowledge, showing the success of our
approach.
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Figure A.1: Concepts and super concept sets. Each circle represents a concept
described by the words in that circle. A super concept set comprises the concepts
represented by circles of the same color.
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Figure A.2: An multi-modal analogy example enabled by our results.

A.4 Multi-modal concept analogy

Our concept induction results bridge the visual and symbolic spaces. The re-
sults enable to extend word analogy [90] (e.g., “Madrid” - “Spain” + “France”
→ “Paris”) into the multi-modality setting. Figure A.2 gives an example, starting
with the initial object v0 and its predicted concepts K0, subtracting concepts K1

and adding new concepts K2 result in a new concept set K3 (Figure A.2 (bot-
tom)). Then, if we retrieve visual object vi with each concept set Ki along the
path (Figure A.2 (top)), we have v0 − v1 + v2 ≈ v3 in the original visual feature
space.

A.5 Derivation from the concept interpretation

With the induced concepts and super concept sets, each object can be represented
with a zero-one vector, k, where the entry is 1 if that object possesses the cor-
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Figure A.3: Illustration of the semantic distance.

responding concept or 0 otherwise. Notice that the super concept sets split the
whole concept set; we thereby name the entries of k corresponding to one super
concept set as a super concept. The super concept is thus a zero-one vector with
exactly one entry to be 1. We name this pattern as the super concept constraint.
Therefore, we can define the semantic distance between two visual objects by the
number of different super concepts or by Eqn. (A.1).

ζk1,k2 =
|k1 ⊕ k2|11

2
, (A.1)

where k1 and k2 are the concept vectors representing two objects and ⊕ is the op-
eration XOR. Studying the concepts and super concept sets induced, we acknowl-
edge that the super concept sets correspond to color, shape, size and material in
semantics. Thereby, we give an example of the semantic distances of multiple ob-
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Figure A.4: The original images for extracting visual features. The object-level
features corresponding to the objects bounded by red rectangles are used for the
illustration of semantic operations in the visual feature space.

jects to one object, as shown in Figure A.3. The circle radii indicate the semantic
distances to the object at the centers of these circles. The inner three circles are
segmented so that each segment represents what super concepts are different. The
outer circle represents all the 4 super concepts are different between the object on
that circle and the object at the center.

We can further interpret the semantic analogy in the visual feature space with
the induced concept vectors. Shown in Figure A.4, we first generate four im-
ages of different objects; then, we use our trained OCCAM structure to extract
the object-level features corresponding to the objects bounded by red rectangles.
Shown in Figure A.5(a), we can move the visual feature vector of the leftmost ob-
ject closer to that of the rightmost object by subtracting and adding visual feature
vectors of two other objects. The proximity between pairs of visual feature vec-
tors is measured with cosine similarity as shown in Figure A.5(b). In the concept
vector space, we can define a ’minus’ operation, k1\k2, as eliminate the shared
super concepts between k1 and k2 from k1. We can also define a ’plus’ operation,
k′
1 ⊕ k2, between a concept vector template k′

1 and a concept vector k2 as add
the super concepts of o2 that o′1 misses to o′1. Therefore, the operations in the vi-
sual feature space can be explained with the operations we defined in the concept
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Figure A.5: Illustration of the semantic analogy in the visual feature space. (a)
The operations on the visual features. (b) The cosine similarities between pairs
of visual feature vectors.

vector space shown in Figure A.6.

A.6 Visualization of reasoning steps

We give an example of the compositional reasoning steps on the induced concept
space of OCCAM, as shown in Figure A.7. While the attention is directly imposed
on the projected concept vectors in the read unit of the compositional reasoning
module, the attention can be equally mapped to the concept vectors and the vi-
sual objects as the projected concept vector to the concept vector or the projected
concept vector to the visual object is a one-to-one mapping relationship. We also
give an example of the compositional reasoning steps on the GQA dataset shown
in Figure A.8. As the dimension of the induced concept vectors is too high, here
we only present the attention on objects in the image.
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Figure A.6: Operations on the concept vectors.

A.7 Human study

We assess the concept and super concept induction by studying how the word
correlation conforms with our human knowledge. We present an extended sub-
set of GQA concept correlations shown in Figure A.9. It consists of the 98 most
common single words for describing objects. Each entry in the matrix represents
the conditional probability that the column attribute exists given the row attribute
exists. A pair of mutual high correlation values between two words indicates
that these words belong to the same concept, while the opposite means that the
concepts represented by those words belong to a super concept. Therefore, we
can evaluate the concept induction by assessing the conditional probabilities of
synonyms or uncorrelated words for each word, because from us human under-
standing, a synonym is used to describe the same concept while an uncorrelated
word describes a concept belonging to the same super concept.

For each word in the extended subset words, we first let annotators choose 2
synonyms and 2 uncorrelated words from the rest 97 words. Then, rank the four
chosen words in a descending order of similarity between them and the original
word. Based on these annotations, we conduct two experiments: 1) measure the
accuracy of classifying the chosen words to synonyms and uncorrelated words; 2)
measure the Kendall tau distance [169] between the word similarity ranking based
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pred: cube        answer: cube

(a) (b) (c)

(d)
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Figure A.7: Visualization of reasoning steps on CLEVR dataset. (a) The
question, image, prediction and ground truth answer. The index of each object is
shown on the upper left of the object. (b) The induced concepts of objects and
relations. (c) The stepwise attentions on question words. (d) The stepwise
attentions on objects. (e) The concept vector read into the memory of the
reasoning module in each step.
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Figure A.8: Visualization of reasoning steps on GQA dataset.
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Figure A.9: The extended subset of GQA concept correlations.
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Table A.1: The accuracy of classifying synonyms and uncorrelated words. Apos

represents the accuracy of classifying only synonyms. Aneg represents the
accuracy of classifying only antonyms. †For word2vec, we tune the threshold on
ground truth, while our method is used out of the box without threshold tuning
(i.e., threshold set to 0.5).

Method Apos Aneg A

word2vec† 76.02% 60.71% 68.37%
induction 92.35% 63.78% 78.06%

on the conditional probability and that ranking based on human knowledge.
For the first experiment, we use a binary classifier with threshold 0.5 to classify

the chosen words by humans. If a word’s conditional probability given the original
word is greater than the threshold, this word is classified as a synonym; if smaller,
this word is classified as an uncorrelated word. The accuracy can be calculated
with Eqn. (A.2).

A =
1

|S|
∑
i∈S

1

|Wi|
(

∑
j∈W pos

i

1(Ri,j > t) +
∑

j∈Wneg
i

1(Ri,j < t)), (A.2)

where A represents accuracy, S is the subset of words, Wi represents the set of
synonyms and uncorrelated words chosen for word i, Ri,j represents the condi-
tional probability of word j given word i exists and t is the threshold. For com-
parison, we also calculate the cosine similarity of word GloVe [168] embeddings
to substitute the conditional probability and serve as R in Eqn. (A.2). For this
setting, we tune the threshold t to be 0.21 to reach the best accuracy. The result
in Table A.1 shows that our induction highly conforms with our human sense in
grouping words into concepts but does not agree much with humans in grouping
super concepts. By further studying specific cases, we realize that a word and its
uncorrelated words defined by humans can simultaneously describe one object.
For example, ‘white’ and ‘black’ can be used together to describe a zebra; ‘leafy’
and ‘leafless’ both describes a status of a plant. Such words have high correlations,
which aligns with our human understanding.

The second experiment measures how the induced word proximity conforms
with our human knowledge. For a word wi, our annotators rank the chosen syn-
onyms and uncorrelated words ai = (ai1, ai2, ai3, ai4) with a descending order of
word similarity to wi and assign a sequence of order indices Ohuman

i = (0, 1, 2, 3)

to ai. Then, we rank (ai1, ai2, ai3, ai4) with a descending order of their conditional
probabilities and assign a sequence of order indices Oinduce

i to ai. For comparison,
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Table A.2: The average ranking distance to human rankings.

D(Oword2vec) D(Oinduce)

0.3418 0.2585

we further rank (ai1, ai2, ai3, ai4) in a descending order of cosine similarities be-
tween the GLoVe embeddings of (ai1, ai2, ai3, ai4) and wi and assign a sequence
of order indices Oword2vec

i to ai. The average ranking distance can be calculated
with Eqn. (A.3).

D(Ox) =
1

|S|
∑
i∈S

K(Ohuman
i , Ox

i ), (A.3)

where D represents the average ranking distance, x ∈ {induce, word2vec}, K
represents the operation for calculating the normalized Kendall tau distance be-
tween two rankings. The result in Table (A.2) proves that our induction from
visual language relations encodes word proximity that is more aligned with hu-
man knowledge than the one encoded by GloVe embeddings from language-only
data.

A.8 Error analysis

The reasoning process may reach a false answer if 1) a concept is mentioned in
the question and 2) that concept is wrongly classified for the objects ought to be
attended. However, the reasoning process may still reach a correct answer if either
of these two conditions is not met. We present two examples in Figure A.10.
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0
1

2

obj0 obj1 obj2
gray 0 0 0
red 0 1 0
blue 0 0 0

green 0 0 0
brown 1 0 0
purple 0 0 1
cyan 0 0 0

yellow 0 0 0
sphere 0 0 0
cube 0 1 0

cylinder 1 0 1
large 1 1 1
small 0 0 0
metal 1 0 1
matte 0 1 0

obj0 obj1 obj2
left0 0 0 0
left1 1 0 1
left2 1 0 0

right0 0 1 1
right1 0 0 0
right2 0 1 0
front0 0 1 0
front1 1 0 0
front2 1 1 0

behind0 0 0 1
behind1 0 0 1
behind2 0 0 0

question answer ground truth

There is a big brown metal cylinder; how 
many large matte cubes are behind it?

0 1

What is the color of the rubber cube? red red

Figure A.10: Error analysis. The predicted unary and binary concepts
corresponding to each object in the image above are shown in the tables at the
middle; the digits colored in red are wrong predicted concepts. The questions,
the predicted answers and the ground truth answers are shown in the table at the
bottom.
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APPENDIX B

APPENDIX TO HIFI TUNER:
HIGH-FIDELITY SUBJECT-DRIVEN

FINE-TUNING FOR DIFFUSION MODELS

B.1 Algorithm of optimizing Tθ

Please refer to Algorithm 6 for optimizing Tθ.

Algorithm 6: Algorithm of optimizing Tθ. P (M) ∈ RN×3 returns the coor-
dinates where M == 1 and appends 1’s after the coordinates.

Result: T ∗
θ

Inputs: Mr, Mg

Pr = P (Mr), Pg = P (Mg)
for l = [1, ..., L] do

s = 0
Pt = Tθ(Pr)
for pt ∈ Pt do

m = MAX FLOAT
for pg ∈ Pg do

x = ∥pt − pg∥22
if x < m then

m = x
s = s+m

θ = θ − η∇θs
T ∗
θ = Tθ

B.2 Results for personalized subject replacement

We show more results for the personalized subject replacement in Figure B.1.
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source images input image result image

A robot toy sits on the ground with trees in the background

A fancy boot sits on the ground with trees in the background

source images input image result image

A cat sits in a jungle with grass around it

A dog sits in a jungle with grass around it

source images input image result image

A cat sits on a table next to a vase of tulips 

A dog sits on a table next to a vase of tulips 

Null-text inversion

Null-text inversion

Null-text inversion

ours

ours

ours

Figure B.1: Results for personalized subject replacement.
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