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Machine learning techniques have transformed various fields, particularly in computer

vision. However, they typically require vast amounts of labeled data for training, which can

be costly and impractical. This dependency on data highlights the importance of research into

data efficiency. In this thesis, we present advancements in data-efficient deep learning within the

contexts of visual perception and visual generation tasks.

In the first half of the thesis, we focus on data efficiency in visual perception. Specifically,

we tackle the challenge of semantic segmentation in autonomous driving, assuming limited

access to labeled data in both the target and related domains. we propose self-supervised learning

solutions to enhance segmentation performance in unstructured and adverse weather conditions,

ultimately extending to a more generalized approach that is on par with methods using immense

amounts of labeled data, achieving up to 30% improvements over prior work. Next, we address

data efficiency for autonomous aerial vehicles, specifically in video action recognition. Here,

we integrate concepts from signal processing into neural networks, achieving both data and



computational efficiency. Additionally, we propose differentiable learning methods for these

representations, resulting in 8-38% improvements over previous work.

In the second half of the thesis, we will delve into data efficiency in visual generation. First,

we focus on efficient generation of aerial-view images, utilizing pretrained models to create aerial

perspectives from input scenes in a zero-shot manner. By incorporating techniques from classical

computer vision and information theory, our work enables the generation of aerial images from

complex, real-world inputs without requiring any 3D or paired data during training or testing.

The approaches are on par with concurrent methods that use vast amounts of 3D data for training.

Next, we focus on zero-shot personalized image and video generation, aiming to create content

based on custom concepts. we propose methods that leverage prompting to generate images and

videos at the intersection of various manifolds corresponding to these concepts and pretrained

models, with applications in subject-driven action transfer and multi-concept video customization.

These solutions are among the first in this area, showing significant improvements over baselines

and related work. These approaches are also data and compute efficient, relying solely on

pretrained models without the need for additional training data. Finally, we introduce a fundamental

prompting solution inspired by techniques from finance and economics, demonstrating how

insights from different fields can effectively address similar mathematical challenges.
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8.1 Given a single “source” image and a “single” driving image and the corresponding
text descriptions, ImPoster generates an image of the source subject performing
driving action. We show how ImPoster is able to make a monkey and an alien
meditate and play violin. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 183
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The frequency (amplitude and phase) guidance methods help in generating the
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8.10 Failure cases. Our method is ineffective in a few cases - it is unable to make a
rabbit perform yoga or dance, and a cat perform yoga or meditate. We believe
that this is due to bias-variance trade-off issues, that remain unresolved even after
the application of our stepwise text prompting and image frequency guidance
strategies. Usage of stronger vision and language backbones in the text to image
generation pipeline, as they are made open-source to the community, can help
the model disentagle features of the image better to alleviate these bias-variance
trade-off issues. Besides, further research on this problem can lead to the development
of newer methods that can help improve these results. . . . . . . . . . . . . . . . 202

9.1 We present a method for multi-concept customization of text-to-video models.
Our method only relies on a pre-trained text to video model and concept specific
data in the form of image(s) or video(s). In the illustration above, our model uses
an image of a teddy bear and ocean background (top row) and an image of a dog
and video of playing violin (bottom row) to generate the customized videos. . . . 205

9.2 Proposed method for multi-concept video customization. First, we add adapter
layers to the transformer architecture in an autoregressive T2V model and finetune
these additional layers on the given images or videos associated with the N
custom concepts and their corresponding text prompts. The goal is to find the
solution at the intersection of the video manifolds corresponding to various custom
concepts. Then, we condition on m (= 5) prior frames and sequentially generate
the custom concepts and their interactions in a controlled manner using a set of
prompts p0...pN . The prompts p0...pN are designed to represent the scene in a top-
down manner, each prompt adding a custom concept and the associated interaction.207

9.3 Two subject customization. While Phenaki contains some prior knowledge of
the interactions between different kinds of subjects, the finetuned model is unable
to generate the interactions between the custom subjects. Through controlled
and sequential autoregressive generation of concepts and their interactions, our
method is able to generate customized videos with two subjects interacting with
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Part I

Introduction and Overview
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The success of deep neural networks can be largely attributed to the availability of vast

amounts of data. For instance, models like AlexNet and VGGNet were trained on the ImageNet

dataset, which contains over 1.2 million labeled images, while ResNet-50 also utilized this

extensive dataset to achieve high performance. In natural language processing, BERT was pre-

trained on a corpus of 3.3 billion words, and GPT-3, with its 175 billion parameters, was trained

on hundreds of billions of words from the internet. Similarly, YOLOv3 for object detection

was trained on the COCO dataset with over 330,000 images. Foundational models like Meta’s

LLaMA and Google’s Geminwe also rely on massive datasets to perform a wide range of tasks

effectively

While deep neural networks thrive on abundant data, which allows them to learn complex

patterns and make accurate predictions, collecting labeled or even unlabeled data for every possible

domain and task is often impractical due to time, cost, and resource constraints [12, 13]. In

such scenarios, pragmatic approaches that are data efficient [14, 15] become essential. These

data efficient approaches leverage data and pretrained models from related domains to acquire

generic prior knowledge pertaining to the target domain. This enables the model to perform well

even with limited data, by transferring to efficiently learn the characteristics of new domains and

enables models to generalize better and perform well even with limited data.

Moreover, integrating techniques from classical computer vision such as camera models,

and signal processing techniques such as frequency domain analysis, within deep neural networks

can significantly enhance [16, 17] data-efficient learning. Classical methods, such as edge detection,

feature extraction, and signal filtering, provide robust and interpretable features that can complement

the deep learning models. By combining these techniques, we can create hybrid models that are

not only data-efficient but also more robust and interpretable.
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our thesis explores data-efficient learning across various perception and synthesis tasks,

addressing key challenges such as:

• Leveraging Data from Related Domains: How can data from related domains, similar

to the domain and task of interest, be utilized to enhance performance in a new, unseen

domain without requiring labeled data specific to that domain?

• Incorporating Classical Techniques: How can classical signal processing and computer

vision techniques improve performance in supervised settings where available data is limited?

• Utilizing Pretrained Foundation Models: How can foundation models, pretrained on

extensive datasets and providing insights into the general characteristics of world knowledge,

be employed for zero-shot image generation, enabling the creation of images without

additional training data?

1. Data Efficiency for Perception

Visual scene understanding plays a crucial role in the perception systems of autonomous

ground vehicles. Current systems are used for tracking, prediction, object detection, classification,

localization, and semantic segmentation [18, 19]. While existing systems have made significant

progress, they often operate in highly controlled or structured environments—sparse traffic, well-

marked roads, and minimal debris. However, real-world scenarios present challenges: unstructured

environments with heterogeneous traffic, less adherence to traffic rules by human drivers, and

poorly marked roads. Additionally, adverse weather conditions like snow, rain, or fog impact

perception accuracy, affecting road segmentation [5, 6]. Autonomous vehicles struggle to distinguish

drivable regions from non-drivable ones, increasing accident risks [20]. Collecting labeled data in
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these domains is expensive, prompting the need for unsupervised methods that leverage knowledge

from related annotated driving scenes. Domain adaptation (DA), a transfer learning technique,

addresses this by using large-scale annotated data from a ‘source’ domain to improve performance

on the scarce ‘target’ domain. The first part of our thesis focuses on domain adaptation for

autonomous driving.

In chapters 1-3, we develop domain adaptation methods for data-efficient semantic segmentation

in autonomous driving. Specifically, we propose self-supervised algorithms for boundless multi-

source domain adaptation and source-free domain adaptation. The former leverages self-training

and knowledge distillation from structured datasets (such as CityScapes [21] and Berkeley Deep

Drive [12]) to adapt to unstructured road images. The latter adapts neural networks from clear

weather datasets such as CityScapes [21] to adverse weather images in an unsupervised manner,

without annotations for adverse weather. Remarkably, the proposed algorithms achieves performance

similar to fully supervised methods while eliminating the need for ongoing access to the clear

weather dataset. These works extend to source-free active domain adaptation, optimizing knowledge

transfer from pretrained networks and intelligent sample annotation for unsupervised datasets.

Similar to visual perception for autonomous ground vehicles, visual perception for autonomous

aerial vehicles presents key challenges. One such challenge is aerial view action recognition—a

critical task for security, surveillance, and tracking. While deep learning techniques have been

widely used for activity recognition [7], analyzing scenes captured by UAV cameras [22, 23] is

significantly more challenging than ground-camera datasets [24, 25]. UAV videos are harder to

capture and label, resulting in fewer and smaller labeled datasets compared to ground videos. For

example, Kinetics-400 [24] contains 306,245 ground-camera videos, whereas the recent UAV-

Human database [22] has only 22,476 videos. Additionally, in UAV videos, the human actor—the
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object of interest—typically occupies fewer pixels or area than the background, providing less

information than a front view capture. The second part of this thesis focuses on developing

data-efficient algorithms for aerial view action recognition.

In chapters 4-5, we propose novel algorithms for data efficient aerial video action recognition—a

challenging problem due to limited available data compared to traditional action recognition. In

our initial work, we develop a frequency-domain method to disentangle moving human actors

from the rest of the video scene and use frequency attention to encode contextual information.

In the subsequent chapter, we extend this disentanglement approach to handle static regions of

the scene, improving the learning of salient regions. Additionally, we introduce a differentiable

frequency-domain method for further performance enhancements.

2. Data Efficiency for Image and Video Generation

The scarcity of aerial data and the challenges associated with capturing data from aerial

cameras or UAVs pose difficulties in training large neural networks for aerial image and video

analysis. Cross-view synthesis, as explored in previous work [26, 27], enables the generation of

realistic aerial view images from readily available ground-view images. This controlled synthesis

approach produces diverse and realistic aerial data consistent with ground-view imagery, which

can be valuable for representation learning and data augmentation in aerial view tasks. Beyond

its applications in AR/VR and autonomous driving, cross-view synthesis involves a significant

translation task for the network. It must create an entirely different view of all scene elements and

the background while maintaining consistency in semantics, colors, spatial relations, pose, and

other details. To enhance efficiency, the third part of our thesis focuses on developing algorithms
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that optimize inference time for single-image cross-view synthesis. This approach eliminates

the need for paired data or additional modalities like depth and 3D information, making it both

data-efficient and domain-agnostic.

In chapters 6-7, we develop algorithms for data efficient aerial-view image synthesis, from a

pretrained model and an exemplar front-view image. Our initial work, Aerial Diffusion, employs

classical computer vision techniques—specifically Inverse Perspective Mapping (IPM) and an

innovative alternating sampling strategy—to generate aerial views from a single image without

relying on 3D or multi-view supervision. In Chapter 7, HawkI, we address the limitations

of Aerial Diffusion, including residual diagonal artifacts and its inability to handle complex

scenes. To achieve this, we propose a multi-stage fine-tuning approach that leverages IPM and

incorporates information theory principles, including mutual information guidance.

Single-image cross-view image synthesis falls within the broader problem domain of controllable

image and video generation. Another critical task in this field relates to personalization [28].

Recent advances in visual generative Awe have highlighted the importance of personalization

[28]. Leveraging pretrained models and guidance signals from a single given image to control the

content in a generated image or video requires approaches that utilize prior knowledge from these

models. The goal is to generate desired images with minimal data points, all while operating in an

unsupervised manner. The fourth part of this thesis focuses on image and video personalization.

In chapters 8 - 9, we focus on data efficient image and video personalization, using a pretrained

model and exemplar images describing the concepts contained in the personalized images and

videos. In Chapter 8, we develop techniques to transfer actions or poses from an exemplar driving

image to a source subject. Leveraging a pretrained diffusion model, we combine text prompt

engineering and image frequency guidance to achieve this transfer. In Chapter 9, we propose an
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autoregressive video generation method which allows customization of various concepts within

the video scene, including subjects, motion, and background. These contributions enhance the

controllability and personalization of image and video content, addressing important challenges

in generative AI.

Further, we delve into prompt mixing in Chapter 10 - an essential aspect of our image and

video personalization algorithms aimed at generating new and unseen concepts without additional

training data, using pretrained models. Specifically, our goal is to develop an algorithm that

generates images intersecting multiple text prompts. To achieve this, we draw inspiration from

the connection between diffusion models (rooted in non-equilibrium thermodynamics) and the

Black-Scholes model [29] from finance. By analogizing the variables in both contexts, we

derive an algorithm that leverages properties related to the dynamics of the Markovian model

from the Black-Scholes algorithm. This enables us to make informed text conditioning decisions

during diffusion denoising, forecasting predictions at each time step. Our data-efficient approach

utilizes a pretrained model and operates autonomously, without requiring human intervention or

hyperparameter tuning. The solution for prompt mixing to generate text-controllable new and

unseen concepts in a data-efficient manner, using pretrained models and without any additional

training data. By leveraging these connections, we aim to enhance the generalizability and

effectiveness of prompt-based image and video generation in future work.

In concluding this thesis, we provide directions for future research. we hope that the

contributions presented here will inspire further investigations into data-efficient approaches for

AI/ML problems related to perception and synthesis.
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Part II

Learning from Little to No Supervised Data: Domain Adaptation for Autonomous Driving
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In this section of the thesis, we explore the feasibility of learning representations for

an unseen domain in an unsupervised manner, leveraging either supervised data or pretrained

models from related domains. We propose several solutions for enhancing perception in this

novel context.

This section comprises of three chapters. In the first chapter (Chapter 1), we present an

unsupervised adaptation approach for visual scene understanding in unstructured traffic environments.

Our method is designed for unstructured real-world scenarios with dense and heterogeneous

traffic consisting of cars, trucks, two-and three-wheelers, and pedestrians. We describe a new

semantic segmentation technique based on unsupervised domain adaptation (DA), that can identify

the class or category of each region in RGB images or videos. We also present a novel self-

training algorithm for multi-source DA that improves the accuracy. Our overall approach is

a deep learning-based technique and consists of an unsupervised neural network that achieves

87.18% accuracy on the challenging India Driving Dataset. Our method works well on roads that

may not be well-marked or may include dirt, unidentifiable debris, potholes, etc. A key aspect of

our approach is that it can also identify objects that are encountered by the model for the fist time

during the testing phase. We compare our method against the state-of-the-art methods and show

an improvement of 5.17% − 42.9%. Furthermore, we also conduct user studies that qualitatively

validate the improvements in visual scene understanding of unstructured driving environments.

In the second chapter (Chapter 2), we present a novel approach for unsupervised road

segmentation in adverse weather conditions such as rain or fog. This includes a new algorithm for

source-free domain adaptation (SFDA) using self-supervised learning. Moreover, our approach

uses several techniques to address various challenges in SFDA and improve performance, including

online generation of pseudo-labels and self-attention as well as use of curriculum learning, entropy
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minimization and model distillation. We have evaluated the performance on 6 datasets corresponding

to real and synthetic adverse weather conditions. Our method outperforms all prior works on

unsupervised road segmentation and SFDA by at least 10.26%, and improves the training time

by 18 − 180×. Moreover, our self-supervised algorithm exhibits similar accuracy performance

in terms of mIOU score as compared to prior supervised methods.

In the third chapter (Chapter 3), we present a novel method, SALAD, for the challenging

vision task of adapting a pre-trained “source” domain network to a “target” domain, with a small

budget for annotation in the “target” domain and a shift in the label space. Further, the task

assumes that the source data is not available for adaptation, due to privacy concerns or otherwise.

We postulate that such systems need to jointly optimize the dual task of (i) selecting fixed number

of samples from the target domain for annotation and (ii) transfer of knowledge from the pre-

trained network to the target domain. To do this, SALAD consists of a novel Guided Attention

Transfer Network (GATN) and an active learning function, HAL. The GATN enables feature

distillation from pre-trained network to the target network, complemented with the target samples

mined by HAL using transfer-ability and uncertainty criteria. SALAD has three key benefits:

(i) it is task-agnostic, and can be applied across various visual tasks such as classification,

segmentation and detection; (ii) it can handle shifts in output label space from the pre-trained

source network to the target domain; (iii) it does not require access to source data for adaptation.

We conduct extensive experiments across 3 visual tasks, viz. digits classification (MNIST, SVHN,

VISDA), synthetic (GTA5) to real (CityScapes) image segmentation, and document layout detection

(PubLayNet to DSSE). We show that our source-free approach, SALAD, results in an improvement

of 0.5%− 31.3% (across datasets and tasks) over prior adaptation methods that assume access to

large amounts of annotated source data for adaptation.
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Chapter 1: BoMuDA: Boundless Multi-Source Domain Adaptation

for Semantic Segmentation in Unstructured Traffic Environments

Visual scene understanding is a key component of perception systems in autonomous vehicles

(AVs) that deals with tracking, prediction, object detection, classification, localization, and semantic

segmentation [18, 19]. These systems are responsible for understanding or interpreting the

environment for safe and efficient navigation and collision avoidance. There has been considerable

work on developing systems that are now deployed in the current generation of AV technologies [30].

However, most of the scene understanding algorithms and systems have been developed for

highly controlled or structured environments. This includes sparse or homogeneous traffic, well-

structured roads with clear lane marking, absence of debris, potholes or unidentifiable objects

etc. Many times, the AVs need to operate in unstructured scenarios that consist of heterogeneous

traffic with cars, trucks, bicycles or pedestrians and there is less adherence to traffic rules or

regulations. Furthermore, roads are not well-marked or may include dirt or unidentifiable debris.

There are still many challenges in terms of developing robust perception systems for such unstructured

environments.

Recent developments in deep learning [18, 31] have resulted in significant advances in

visual scene understanding [32, 33] in structured traffic environments [34, 35]. However, they

do not work well in unstructured or unconstrained environments like India Driving Dataset [36].
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Figure 1.1: We present a novel unsupervised deep learning-based approach called BoMuDANet
for visual scene understanding in unconstrained and unstructured traffic environments. In this
example, we demonstrate the benefits of BoMuDANet on images taken from the challenging
IDD dataset. BoMuDANet accurately segments out dirt roads as terrains as well as a building,
while preserving its shape. In contrast, the single source baselines (GTA/CityScapes) do not
identify dirt and unstructured roads well, misclassify parts of sky as building, and fail to capture
the shape of the unstructured building. BoMuDANet benefits from its ability to selectively distil
information from various sources by iterative self-training, in addition to exploiting a chosen best
source via domain adaptation.

This is mainly due to lack of good datasets that consists of unstructured traffic scenes or outlier

objects. For example, current traffic datasets used for training may not have vehicles such as auto-

rickshaws [37]. An approach that can overcome these challenges is domain adaptation (DA) [38],

a transfer learning technique that takes advantage of the availability of large scale annotated data

in a different domain called the ‘source’ domain to perform a task on the ‘target’ domain, for

which data is typically scarce. More specifically, DA can leverage many available large-scale

structured traffic datasets such as CityScapes [35], Berkeley Deep Drive [34], GTA [39], and

SynScapes[40] (source domains) to learn robust feature representations in unstructured environments.

Main Contributions: We present a new deep neural network called BoMuDANet for visual

scene understanding in unstructured traffic environments. Our approach consists of a semantic

segmentation technique based on unsupervised domain adaptation. BoMuDANet includes two
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novel components:

1. Unconstrained traffic environments are highly heterogeneous (wide range of object classes) [41];

consequently, using only one source dataset (single source DA) is not sufficient in terms of

providing the network with adequate information for optimal performance on the complex

target domain. BoMuDANet benefits from its ability to selectively extract relevant knowledge

across different and widely available structured environment datasets [34, 35]. Moreover,

we perform multi-source DA [42] by alternating between adaptation from a selected source

and knowledge distillation from the remaining sources. Based on the classical EM algorithm

in statistical pattern recognition, BoMuDANet performs repeated rounds of training, alternating

between adaptation and distillation to improve performance in each step.

2. Unconstrained traffic scenes may contain objects that are typically non-existent in current

structured environment source domain datasets. Our approach in BoMuDANet uses a

simple pseudo-labeling strategy for handling unknown objects encountered for the first

time during the testing phase. The final probability predictions of the self-training algorithm

are directly used to assign proxy labels to unknown object classes depending on their

similarity to known objects classes in the training dataset. Our approach helps BoMuDANet

detect new objects that are common in unstructured driving environments.

We have evaluated our approach extensively using the Indian Driving Dataset (IDD), CityScapes,

Berkeley DeepDrive, GTA V, and the Synscapes datasets. In unstructured environments (IDD

as the target dataset), we show that our unsupervised approach outperforms other unsupervised

SOTA benchmarks by 5.17% − 42.9%. In structured environments (CityScapes as the target

dataset), we show that our method outperforms other multi-source DA methods by 12.70% −
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90.13%. We have performed extensive ablation experiments to highlight the benefits of our

approach. Moreover, we also perform a user study to highlight the qualitative benefits of our

approach. Overall, ours is the first unsupervised domain adaptation method for handling unstructured

traffic environments.

1.1 Prior Work

Semantic Segmentation Semantic segmentation is a pixel-level task, which involves assigning a

label to each pixel in an image. The advent of deep learning has resulted in a many segmentation

techniques for autonomous driving [18, 31, 43, 44, 45, 46]. However, these methods suffer

from three issues: (i) the networks need to be trained in a supervised manner, thus there is a

demand for large volumes of annotated data; (ii) current labeled datasets are limited to structured

environments; (ii) current learning methods do not scale well to unstructured environments.

Unsupervised Domain Adaptation Domain adaptive semantic segmentation has been explored

under three different machine learning paradigms that differ based on the underlying learning

approach. At one end of the spectrum, fully supervised [47] methods achieve higher accuracy on

average, but are limited by the availability of annotated data. On the other end of the spectrum,

unsupervised methods‘[48, 48, 49, 50, 51, 52, 53, 54, 55, 56] benefit from the lack of dependence

on any training data, but are outperformed by fully supervised or semi-supervised methods. Semi-

supervised approaches [57, 58, 59, 60] form a middle ground between the two paradigms. While

there has been some work on using pseudo labels [61, 62] for training DA models, they do not

scale well in the presence of multiple sources.
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Figure 1.2: Extension to SOTA in domain adaptive semantic segmentation. Our approach is the
first method to simultaneously perform unsupervised multi-source boundless DA segmentation
and can handle unstructured traffic environments.

Figure 1.3: Overview of BoMuDANet: The input consists of N sources (s1, s2, . . . , sN ), from
which the best-source is selected by the self-training algorithm. The self-training algorithm
proceeds in an unsupervised fashion to generate the final set of pseudo-labels that are used to
recognize out-of-distribution objects. The final output consists of the segmentation map of an
image in the target domain.

Open-Set and Boundless DA If the set of labels in the source is equal to the set of labels in the

target, then this type of DA is known as closed-set DA. On the other hand, if the target domain

contains additional class labels that are not present in the source domain, then this type of DA

is called open-set DA. In open-set DA, the additional class labels in the target domain that do

not belong to the source domain are labeled as an “unknown” class [63]. While open-set DA

has been proposed for object detection and classification [64, 65, 66], they don’t extend well for

pixel-level tasks like semantic segmentation.

An extension to open-set DA is boundless DA, where the extra classes present in the target

domain are explicitly labeled. Boundless DA has been recently studied by [61] for semantic

segmentation, where the authors successfully classify open-set classes, but at the cost of degraded
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accuracy on the closed-set categories.

Multi-Source Domain Adaptation While multi-source DA has been extensively studied in the

context of other perception tasks like object recognition and classification [67, 68, 69, 70, 71], it

has not been explored in detail for semantic segmentation [42, 72]. Prior approaches in multi-

source DA suffer from heavy overhead in terms of the requirement of data from all sources at

every point of training. In contrast, BoMuDA requires only the pre-trained models, along with

data from a chosen source ‘best source’ domain. We present the first method for unsupervised

multi-source boundless domain adaptive semantic segmentation. However, our approach can

be generally applied towards domain adaptation in different perception tasks such as object

recognition. This is a part of our future work.

1.2 BoMuDANet

In this section, we formally specify our problem, introduce the notation and present details

of our neural network used for visual scene understanding in unstructured traffic environments.

Problem Setup and Notation Given an RGB image or video of unconstrained traffic selected

from the target domain at test time, our goal is to identify the correct object class label of each

pixel. In the training phase, we are provided with a set S of N source domains, in which each

source domain is represented as Si, where i = 1, 2, . . . , N , and one target domain T . The set

of all categories in the target domain is denoted by CT , while the set of all categories in the ith

source domain is denoted by Ci. In the boundless DA setting, the target domain may consist of

open-set categories i.e. classes that are not present in any of the source domains. More formally,
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CT \ {∪iCi} ≠ ∅.

The output probability map (Each value in this map is the probability of the pixel, in the

corresponding location in the input image, belonging to class Ci.) for an input image belonging

to the ith source domain is denoted as Pi ∈ RCi×h×w, while the ground truth label for the same

image is denoted by yi ∈ Rh×w. In the unsupervised DA setting, the ground-truth labels for target

domain images are not available.

Overview Our method, BoMuDANet, trains a deep neural network using a novel self-training

algorithm. The input consists of images and their corresponding labels from multiple source

domains and images from the target domain. The self-training algorithm generates probability

maps corresponding to the target domain image.

1.3 A Self-Training Algorithm for Multi-Source DA

The main challenge with unsupervised multi-source domain adaptation is in setting up a

cost function [73] for training the deep neural network (DNN). This is due to two reasons: (i)

absence of target domain labels and (ii) variations between different source domains, and each

source and target domain. In the proposed approach, we use the idea of “pseudo” labels to act

in place of the missing target domain labels. The pseudo labels are the class predictions from

the ‘best source’ single-source DA model, which is explained below in “Initialization”. These

pseudo labels, along with the pre-trained single-source DA models from the remaining sources

are used for training the deep neural network with an improvised cost function.

In concurrence with the notion of self-training, we observed that repeated re-training of

the deep neural network with an enriched cost function each time leads to a significant boost in
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accuracy. This is because the model weights are optimized after each round of training, which in

turn optimizes the pseudo labels, leading to an increasingly accurate cost function to be used in

the next round of training1. These two optimizations occur in an alternating manner along with

domain adaptation from best source and multi-source distillation, incrementally improving the

accuracy.

The motivation behind the self-training algorithm comes from the Expectation-Maximization

(EM) algorithm [74], a classical unsupervised learning algorithm in statistical pattern recognition.

The EM algorithm consists of two alternating steps− the E step and the M step. The E step sets

up a cost function from observed data, while the M step finds the model parameters that minimize

the cost function. Our self-training algorithm mimics the principles behind the EM algorithm.

To setup the cost function for the first iteration, the self-training algorithm selects the best-

performing source from the N source domains to generates pseudo-labels that serve as a proxy

for the missing target domain labels. This best-performing source dataset is termed as the “Best-

Source”. The inputs to the neural network are images and GT from the “Best-Source”, pre-trained

single-source DA models for all the sources, images from the target domain and the pseudo labels.

In summary, the self-training algorithm trains the network as follows:

1. Initialize← Best-Source model.

2. Perform the following in an alternating manner:

• Use pseudo labels from previous round of training to set up a cost function for

BoMuDANet.

• Use this cost function along with the remaining N−1 pre-trained single-source DA
1We provide evidence of the benefits of repeated re-training in the supplementary material.
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models to train BoMuDANet in an end-to-end manner till convergence.

We now describe each step in detail.

Initializing the Best Source Model We begin by training single-source DA models using each

source dataset, and the target dataset, using an adversarial DA paradigm [50]. The single-source

domain discriminators (binary classifiers, see architecture below) characterize how indistinguishable

the target domain is from each source domain. The output of the discriminators averaged over all

target images characterizes the dissimilarity between each source domain and the target domain.

The source domain with the least dissimilarity is selected as the “best source”. The deep neural

network (DNN) used to train the best source-target pair is termed the “Best-Source” model.

Architecture: Consistent with adversarial domain adaptation [50], our network consists of a

DNN for semantic segmentation, and domain discriminators. The backbone of the DNN consists

of SOTA architectures such as VGG-16 [75], Dilated Residual Network [18], or DeepLab [31]

(we experiment with different backbones). Domain discriminators are neural networks that aim

to distinguish whether the predicted segmentation map is from the source or target.

Training: The inputs to this model consist of raw images and GT from the best source domain,

raw images from the target domain T , and the pseudo labels. The model weights are initialized

with parameters corresponding to the Best-Source baseline obtained in the initialization step.

The cost function consists of a domain adaptation loss formulation to adapt from the best-

source, a knowledge distillation loss formulation to selectively distil relevant information from

the remaining sources, and a self-training step that utilizes the pseudo labels. We now describe

the three loss functions that are used to train the network:
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• The supervised loss function (Lsup): This is the standard cross entropy supervised loss

function that is used to minimize the distance between the probability map outputs and the

ground truth labels.

Łsup = −
∑
h,w

∑
c∈Cbs

ybs log(P ), (1.1)

where c denotes the object category, h,w denote the height and width of the input images,

and P ∈ RCbs×h×w is the output of the model on source domain images.

• The unsupervised loss function (Lunsup): For each target image, we use the trained model

from the previous iteration of self-training to generate pseudo labels for self-training. The

pseudo labels are generated using the probability map predictions, P ∈ RC×h× w. More

formally,

ypseudo = argmax
c∈C

Softmax(P ). (1.2)

The pseudo-label ypseudo is used in the unsupervised cross entropy loss function, Lunsup, as

follows,

Lunsup = −
∑
h,w

∑
c∈C

ypseudo log(P ). (1.3)

• Multi-source distillation (Ldistill): From each of the single source DA networks, we generate

their corresponding target domain probability maps Pi, i ∈ [N ]. To selectively impart

relevant knowledge from various sources, the target domain predictions of BoMuDANet

are distilled using a weighted combination of KL divergence [76] loss terms corresponding
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to each of the single-source DA predictions. Kl divergence aligns probability distributions

and a weighted combination of KL divergence from multiple sources aids in selective

extraction of relevant knowledge. The weights (wi) are determined by the dissimilarity

between each source-target pair (see initialization step above).

Ldistil =
∑
i

wi ×KL(Pbs||Pi). (1.4)

The three loss functions are combined as follows:

Loverall = λsupLsup + λunsupLunsup + λdistilLdistil, (1.5)

where λsup, λunsup, λdistil denote the hyperparameters for the respective loss terms. The domain

discriminators are trained in an adversarial [50] fashion.

1.4 Boundless Domain Adaptation

We present a new method for performing Boundless DA i.e. to label categories that exist

in the target dataset, but not in any of the source datasets (“open-set” or “private” or “unknown”

categories). Categories that are common to both the source and the target domains are called

“closed-set” or “shared” or “known” categories. The key assumption in our solution is that

the open-set categories are physically similar to the closed-set categories. For instance, open-

set categories such as auto-rickshaws are similar to vehicles like cars and vans. CityScapes [35]

provides a definition for grouping semantically similar classes in autonomous driving environments.

Classes that belong to the same high-level category will have feature maps that are semantically
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Model Experiment mIoU mAcc Road SW Bldg Wall Fnc Pole Lt Sign Veg Trn Sky Ped Rdr Car Trk Bus Mb Bike

I. CS, BDD, GTA to IDD (Baseline: [50])

Baselines
CS to IDD 24.43 65.23 82.46 22.55 25.93 13.22 9.30 15.26 1.92 19.02 75.16 20.41 29.54 31.37 8.12 49.81 8.53 10.41 10.29 6.55

GTA to IDD 26.74 75.40 79.83 9.54 44.12 16.58 12.16 17.59 0.85 14.35 65.36 18.20 82.61 22.90 6.56 41.53 24.13 15.40 9.02 0.76
BDD to IDD 35.75 85.65 93.33 27.17 59.77 13.18 15.56 21.03 3.65 29.93 80.52 33.21 93.64 30.62 5.59 53.03 38.34 32.24 6.46 6.27

BoMuDANet Multi-source 37.66 86.50 94.02 31.89 61.79 15.51 16.89 20.61 2.73 35.43 81.75 36.52 94.16 32.12 4.67 54.74 42.64 38.61 5.42 8.51

II. SC, BDD, GTA to IDD (Baseline: [50])

Baselines
SC to IDD 31.55 83.04 92.46 21.25 52.59 4.61 7.87 17.02 2.73 12.60 77.52 4.43 92.38 31.54 23.32 66.59 4.09 18.35 27.27 11.25

GTA to IDD 26.74 75.40 79.83 9.54 44.12 16.58 12.16 17.59 0.85 14.35 65.36 18.20 82.61 22.90 6.56 41.53 24.13 15.40 9.02 0.76
BDD to IDD 35.75 85.65 93.33 27.17 59.77 13.18 15.56 21.03 3.65 29.93 80.52 33.21 93.64 30.62 5.59 53.03 38.34 32.24 6.46 6.27

BoMuDANet Multi-source 36.93 86.30 93.82 30.53 61.13 13.34 16.43 21.21 3.57 34.90 81.64 34.54 94.19 31.70 4.64 53.48 40.77 35.54 5.68 7.64

III. CS, BDD, GTA to IDD (Baseline: [49])

Baselines
CS to IDD 38.53 86.68 93.67 27.08 64.62 25.89 17.80 23.39 4.18 31.29 83.06 29.83 94.22 32.28 11.18 61.68 39.86 33.32 12.08 8.23

GTA to IDD 35.85 84.64 89.96 14.06 61.14 22.24 20.10 19.17 4.34 19.88 77.15 28.84 92.14 27.03 11.98 62.87 41.04 34.67 13.10 5.74
BDD to IDD 38.29 86.74 93.80 33.33 62.57 14.94 15.35 23.66 3.80 31.95 81.72 34.47 94.26 33.00 8.71 57.11 42.87 39.16 9.41 9.22

BoMuDANet Multi-source 39.23 87.18 93.18 29.97 63.46 24.18 20.97 19.18 4.56 25.64 81.99 35.39 94.19 30.06 11.23 62.01 46.65 39.30 13.39 10.87

Table 1.1: Main Results: We evaluate BoMuDANet on IDD using CityScapes (CS),
Berkeley Deep Drive (BDD), SynScapes (SC), and GTA as sources. Higher mIoU and mAcc
indicates direction of better performance. Bold indicates best while blue indicates second-
best. Experiments I and II differ with respect to the sources, while experiment III differs with
respect to the baseline used. Conclusion: Our unsupervised multi-source self-training algorithm
outperforms the single-source baselines by 3.3%− 54.15%.

similar, and vice versa. This assumption is mild and is commonly made in many zero-shot

learning strategies [77].

The underlying idea behind training our approach on open-set classes is to generate the

corresponding pseudo-labels from the labels of the physically similar closed-set categories. More

formally, let yST ∈ Rh×w be the final labels obtained using Equation 1.2 from the self-training

algorithm. Further, let o ∈ O denote an open-set class from the set of open-set classes, O, and

Co denote the set of closed-set classes that are physically similar to o. We apply thresholding on

yST such that pixels with softmax scores lower than a threshold τ for a physically-similar closed-

set class are re-labeled as the open-set class. More formally, let ŷpseudo denote the labels after

thresholding, then ŷpseudo is computed using,

ŷpseudo = TyST (1.6)

where T (·) is a pixel-level thresholding operator. If lab denotes the class label of a pixel in the

ath row and bth column with confidence score cab (maximum probability value over all classes,
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as determined by the output probability map of the self-training algorithm), then the threshold

operator at (a, b) is defined as,

T (a, b) =


lab ← o cab ≤ τ and lab ∈ Co

lab otherwise

An alternative to the thresholding operator is to use the KL divergence metric [76] to measure the

similarity between open-set and closed-set object classes. We empirically observe, however, via

an ablation study that thresholding in fact outperforms using the KL divergence metric.

1.5 Experiments and Results

Datasets and Evaluation Protocol We use five datasets - GTA5 [39], SynScapes (SC) [40],

CityScapes (CS) [35], India Driving Dataset (IDD) [36] and Berkeley Deep Drive (BDD) [34].

GTA5 and SC contain synthetic simulated traffic videos while CS and BDD consist of real-world

traffic in Europe and the USA, respectively. IDD consists of dense and unconstrained traffic

conditions and heterogeneous road agents (e.g. autorickshaws) unobserved in any of the source

domains. In addition to containing new objects, the pixel count (per class) in IDD is 5−10× that

of CS

We evaluate our models on the validation set images of the target domain, using the standard

segmentation metrics [78]: Intersection over Union (IoU) and pixel-wise accuracy.



Figure 1.4: In this example, we demonstrate the benefits of BoMuDANet on an image from the
IDD dataset, depicting a mixture of challenging driving conditions. The top image in the second
column shows the prediction of our model, and the bottom image shows the ground-truth. We
observe that BoMuDANet accurately segments the autorickshaws (open-set object, a new type
of vehicle - the third column zooms into the region containing the autorickshaw in the prediction
and ground-truth), in addition to handling dense traffic and dirt roads.

1.6 Results

Main Results on IDD: We present results of three sets of experiments using IDD as the target

dataset. In each experiment, we compare BoMuDANet with single-source baseline models using

the BDD, CS, SC, and GTA datasets, with the BDD dataset selected as the Best-Source. Note that

we do not compare with a combination of single source datasets as combining multiple sources

and treating them as a single source for DA has been shown to be ineffective [73].

We perform the first experiment with two real datasets (CS, BDD) and one synthetic dataset

(GTA5), and show an improvement of 1.91 − 13.23(5.34% − 54.15%) mIoU points over the

single-source baselines. In the second experiment, we replace the two real source datasets with

two synthetic source datasets (SC, GTA) and one real dataset (BDD) with the BDD dataset as

the Best Source, and show an improvement of 3.3%− 38.1% mIoU points over the single-source

baselines. By comparing these two sets of experiments, we demonstrate that using multiple real-

world datasets is more beneficial than using multiple synthetic datasets.
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Experiment mIoU Car Truck Bus Auto
CS, BDD, GTA to IDD, Baseline: [50]

Pseudo labeling (PL) 35.68 51.16 33.89 28.99 9.39
PL + training 35.72 52.18 33.93 31.65 9.38

SC, BDD, GTA to IDD, Baseline: [50]

Pseudo labeling (PL) 34.60 48.36 30.78 20.82 9.68
PL + training 34.40 49.14 30.44 22.59 9.48

CS, BDD, GTA to IDD, Baseline: [49]

Pseudo labeling (PL) 37.27 58.76 36.58 22.15 11.78
PL + training 37.09 58.63 36.65 24.26 11.85

Ablation Experiments on IDD, Baseline: [50]

KL Divergence 35.43 52.12 33.99 31.46 9.29

Table 1.2: Pseudo labeling strategy for boundless DA: We show that pseudo labeling can
provide semantic information about categories that do not belong to any source domain, for
instance, auto-rickshaws (Auto) found in the IDD dataset (in bold). Moreover, pseudo labeling
is simple in that the generated proxy labels do no need to be re-trained as there is no marked
improvement in mIoU. We also show that thresholding outperforms KL divergence via an
ablation study.

In the third experiment, we replace the AdaptSegNet [50] backbone with a stronger SOTA

backbone ADVENT [49], and use LS GAN for adversarial training instead of Vanilla GAN,

and achieve a higher mIoU of 39.23. This suggests that the performance of our approach will

increase as newer robust backbone architectures are proposed. We also validate this hypothesis

by conducting experiments on structured environments as the target domain.

Results for the Boundless Case: We show the results for the proposed pseudo labeling strategy

for boundless DA method in the table. Note that the thresholding operator, τ , is a tunable

hyperparameter. A low value of τ will create a bias towards the private classes, a high value

of τ will create a bias towards shared classes. A trade-off determines the optimal value of τ for

best performance on both private and shared classes. Typically, tuning between 80% − 90% of

max confidence score for the particular class works well.

The unsupervised loss function in Equation 1.3 can be used to retrain the network on

ŷpseudo, along with yST which acts as a regularizer. The first row in each experiment shows the
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(a) Dirt roads (b) BoMuDANet (c) Unmarked lanes (d) BoMuDANet

(e) Heavy traffic (f) BoMuDANet (g) Boundless class (h) BoMuDANet

(i) Unstructured roads (j) BoMuDANet (k) Clear roads (l) BoMuDANet

(m) Unstructured roads (n) BoMuDANet (o) Dense traffic (p) BoMuDANet

Figure 1.5: Visual Results: BoMuDANet works well in various unconstrained environments
including unmarked lanes, dirt roads, heavy traffic, and boundless category objects (auto-
rickshaws) and results in higher accuracy. Each color represents a different object as shown
in the color scheme.

results obtained by proposed strategy of pseudo-labeling while the second row shows the results

obtained by re-training the generated pseudo labels. However, we found that the performance of

the retrained model is very similar to original model, mitigating the need for costly retraining and

therefore contributing to the simplicity of the proposed pseudo labeling strategy.

Qualitative Results and Realtime Performance: As shown in the figure, our method works well

in environments that have dirt roads, absence of clear lane markings, multiple road objects and

unstructured traffic. BoMuDANet can recognize auto-rickshaws (boundless category object)

reasonably well.
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On IDD

Method Model # Size(M) mIoU(S) mIoU(P)

[79] ResNet-18 11.70 27.45 NA
[77] ResNet 101 44.50 29.20 7.90
[61] (UDA) ResNet 101 44.50 32.40 8.10
[61] (Apt.) ResNet 101 44.50 32.70 8.60
[61] (Comb.) ResNet 101 44.50 37.30 18.50
BoMuDANet DRN-D-38 26.50 39.23 11.85

On CS

Method Model Size(M) mIoU(S) # Sources

[80] ResNet-101 44.50 39.40 Single
[50] ResNet-101 44.50 42.40 Single
[49] ResNet-101 44.50 43.10 Single
[49] ResNet-101 44.50 43.80 Single
[48] ResNet-101 44.50 46.30 Single
[81] ResNet-101 44.50 49.90 Single
[72] VGG-16 138.00 29.40 Multi
[42] VGG-16 138.00 41.40 Multi
BoMuDANet DRN-D-38 26.50 44.63 Multi
BoMuDANet ResNet-101 [49] 44.50 49.59 Multi
BoMuDANet ResNet-101 [81] 44.50 55.90 Multi

Table 1.3: Comparison with SOTA: We compare with the SOTA in both unstructured
(IDD) as well as structured (CS) traffic. Higher (↑) mIoU and mAcc indicates direction
of better performance. Bold indicates best while blue indicates second-best. mIoU(S) and
mIoU(P) denote the performance on shared/known and private/unknown classes, respectively.
Conclusion: Our model is SOTA on IDD by 5.17% − 42.9% and on CS in the multi-source
setting by 12.70%− 90.13%, with a reduction in model size by upto to 5.2×.

We have included a video demonstration of BoMuDANet in realtime in 6 diverse traffic

videos containing both unconstrained (IDD) as well as structured (CityScapes) environments,

along with comparisons. BoMuDANet operates at 2 fps on IDD and 21 fps on CityScapes with a

model size of 26.5 million parameters. We refer the reader to the supplementary video.

Comparisons with SOTA

In Unstructured Environments (On IDD): , we compare our approach against other unsupervised

segmentation methods. ZS3Net [77] does zero shot semantic segmentation, while [61] (UDA)

and [61] (Apt.) builds upon ZS3Net for domain adaptation. [61] (Comb.) refers to the combined

approach for boundless unsupervised domain adaptation (“BUDA”). It can be clearly observed

that our method surpasses all past unsupervised segmentation methods by 5.17% - 34.34% on

shared classes, with a much smaller architecture which is beneficial for practical autonomous
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driving real-time applications.

Our hypothesis for the superiority of BoMuDANet over BUDA is that the latter comprises

performance on closed-set classes in order to achieve improved performance on open-set classes

[61, 77]. In contrast, our method classifies open-set categories without sacrificing accuracy on

closed-set categories. The decreased performance of BUDA on “shared” classes could be due

to decreased generalization capabilities of the model when trained on the new classes. We also

outperform the semi-supervised method [82] by 42.9%, that uses ground-truth in 100 samples for

supervision. [82] fails to acknowledge differences between various domains, which leads to a

degradation in performance.

In Structured Environments (On CS): We additionally benchmark BoMuDANet in structured

environments, using CS as the target domain and BDD, IDD and GTA as the source domains.

Our method is SOTA in the multi-source setting by at least 12.70%−90.13% with a reduction

in model size by upto 5.2×. Methods with ResNet-101 backbone have an inference time of

156.44 ms, and models with DRN-D-38 backbone have an inference time of 51.58 ms. On

CS, BoMuDA outperforms the corresponding single-source DA baselines by 2.5% − 21.2%

respectively. Furthermore, stronger backbones will help our model benefit accordingly. Further,

comparison of our network (with corresponding backbones) against single-source baselines reveals

that our model is the SOTA.

The core step in the approach of [42] is the use of the CycleGAN [83], which uses images

and ground truth from all source domains at every training step. Our multi-source approach,

in contrast, is more computationally efficient and requires data only from the “best source’.

Pre-trained single-source adaptation weights can be directly used for the other datasets, thus
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offsetting the need for images and GT from all source domains. The improvement in our approach

comes from individually distilling relevant information from multiple domains as opposed to

considering images from all source domains in every iteration.

1.7 Ablation Studies and Additional Experiments

We show the benefits of using multiple sources compared to a single source. The multi-

source model outperforms the corresponding single source baselines by 3.3%−54.15%, demonstrating

the efficiency of using multiple sources. In boundless DA, we replace the thresholding operator

with the KL divergence loss to measure the similarity between the open-set classes and physically

similar categories. We demonstrate the iteration wise performance of the self-training algorithm

and a study of tuning the hyperparameters λdistil and λunsup in the supplementary material.

Additionally, selecting the best source at the pixel-level degrades accuracy by 18.05 % due to

loss of contextual information. Finally, thresholding on pseudo labels [61] to reduce the number

of false positives reduces the mIoU by 4.54 %.

1.8 User Study

We conducted a web-based user study to evaluate the visual scene understanding results

generated by our approach in unstructured driving environments and evaluate their perceptual

benefits compared to prior methods. We also test our hypothesis of classifying open-set objects.

These open-set objects correspond to new objects that our model has never seen before in the

training dataset. Finally, we perform an additional study where we highlight the complexity of

our task by asking users to rate the level of difficulty of driving in the kinds of scenes evaluated
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by our method.

Procedure The study consists of three sections and is approximately five minutes in duration. In

the first section, we show users six comparisons (selected from the dataset randomly) between the

results obtained by our unsupervised adaptive multi-source approach versus the state-of-the-art

single-source baselines [50], along with the corresponding ground truth image. We do not reveal

the identity of the methods and swap the order of the results to reduce the bias. We ask users to

visually inspect both the results and report the result that best resembles the ground truth image.

The aim of this study is to complement and support the quantitative results with human visual

feedback.

In the second section, we show users results of our approach on two images containing an

open-set and a closed-set object (selected from the dataset randomly) , respectively. We ask the

participants to select which result in their view is better. We purposefully avoid defining what

constitutes a better segmentation result to eliminate any bias. Higher probabilities of selecting

the open-set object validates our hypothesis of classifying open-set objects.

In the third and final section, we show participants five pairs of images of structured and

unstructured driving environments (selected from the dataset randomly) . Following the previous

two sections, we do not label the images. Users were asked to rate the difficulty of driving for

each image on a 5-point Likert scale (1− “Very Easy” to 5− “Very Hard”).

Participants 47 anonymous users participated in our study, recruited over the web. To remove

bias related to users with driving experience in a particular traffic environment, we invited participants

belonging to regions with traffic that is similar to the traffic found in both CityScapes and the IDD
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datasets. We do not consider age or gender of the users in our study.

Evaluation: BoMuDANet vs. state-of-the-art Each participant picked the segmentation map

(out of baseline, and BoMuDANet) that they felt best resembled the ground-truth. We summarize

the percentage of responses for each of the 6 images in the figure, arranged in the order of

increasing complexity. All participants agree that BoMuDA performs better than the baseline

for image 1 and 2. While images 3 − 6 are hard to segment accurately, at least 60 − 90% of

the participants agree that BoMuDA results in a better solution. This, coupled with the fact

that participants did not apriori which segmentation maps were generated by the baseline single-

source models and BoMuDANet indicates that our model is superior. One possible explanation

of participants rating BoMuDANet segmentation maps higher is that BoMuDANet outperforms

the single-source baseline by selectively extracting the best features from each source and is thus

capable of segmenting dirt roads, persons, motorcycles in a better fashion.

Open-set analysis Define p as the probability that a participant will choose the open-set result

(auto-rickshaw) when shown a pair of results generated by our model on an one open-set object

and a regular object in the training dataset. We wish to test the hypothesis that either a participant

cannot tell the difference between the two results (p = 1/2) or the open-set result is good enough

such that participants choose the same (p > 1/2). Thus, we test the following right-tailed

hypothesis test:

H0 : p <
1

2
against H1 : p ≥

1

2
.

Let N1 be the number of participants who selected the open-set result as the better segmentation

result. Then, p̂ = N1/N . We test the above hypothesis with the test statistic (p̂−p)/
√

(p̂(1− p̂))/N ,
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which is asymptotically normal with mean 0 and standard deviation 1, under the null hypothesis.

We observe in our study that N1 = 30 corresponding to p̂ = 0.63 with a p-value of 0.032884

(α = 0.05 significance level). Our result is statistically significant indicating we can reject the

null hypothesis (H0) and accept the alternative (H1).

Complexity of the task Each participant was shown 5 pairs of images depicting scenes from

CityScapes and IDD (unknown apriori) and asked to rate the difficulty of driving. Therefore,

we have a total of 235 responses each, rating the difficulty of driving on a 5-point scale. We

summarize the responses in the figure. About 93% of the participants reported that it they felt

it was easy to drive in CityScapes-like environments, while 63% of the participants reported

that driving in an environment similar to IDD is hard. In contrast, only 14% of the participants

reported that driving in an IDD-like environment is easy and a meagre number of participants felt

that navigating through the traffic depicted in CityScapes is hard. This is in line with prior studies

[84], which state that driving in unstructured environments with heterogeneous traffic is difficult.

1.9 Conclusion, limitations and future work

We present a novel learning methods for visual scene understanding in unstructured traffic

environment. Our approach consists of a semantic segmentation technique that solves three

key aspects of domain adaptation: unsupervised, multi-source and boundless, in unconstrained

environments. We present a novel training routine that builds on the ideas of self-training and

pseudo-labeling. The self-training routine is used to selectively distil information from various

sources by iterative self-training, in addition to exploiting a chosen best source via domain

adaptation. In addition, BoMuDANet can identify unknown objects encountered during the
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testing phase via a simple pseudo labeling strategy. We highlight the benefits of our approach

in terms of performing accurate segmentation and visual scene understanding in challenging

datasets such as IDD. We highlight improved accuracy over prior methods and perform qualitative

evaluation based on a user study.

Our approach has some limitations. Our current approach can only recognize new objects

by taking advantage of the structural similarities between various objects in road environments.

Currently, our model is unable to detect classes like animals and other classes that do not share

any similarities with the ‘known’ classes. In addition, the existence of multiple ‘unknown’ objects

that share similarities with the same set of ‘known’ classes can cause inter-class confusion. As

part of future work, it would be useful to use the pseudo labeling strategy as a prior, and develop

a training method that exploits zero-shot learning strategies. The core step in the self-training

algorithm is the selection of a ‘best source’, which can vary from image to image. Our current

formulation does not account for this factor during training. In addition, we do not account for

variations within the target dataset, where images can have varying levels of similarities with the

source datasets. Future work in this area can focus on an importance weighting scheme for a

multi-source domain adaptation network that is more robust. We would also like to evaluate our

approach in other challenging scenarios and integrate with planning and navigation.
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(a) Study 1: We show the probability of users selecting the result generated by our multi-source approach
(blue) on six randomly chosen images of unstructured driving environments from the IDD dataset
compared to single-source baselines (red) [50]

(b) Study 3: We report the number of users corresponding to the 5-point Likert scale summed over all five
sets of images.

Figure 1.6: User Study Results: In the first user study, we observe that users are more likely
to report our result as the better segmentation compared to state-of-the-art. In the second study,
we observe that majority of the users confirm that the IDD traffic scenes are complex and that
it would be hard to drive in such environments whereas almost all participants find the driving
environments in the CityScapes dataset to be easy.
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Chapter 2: SS-SFDA: Self-Supervised Source-Free Domain Adaptation for Road

Segmentation in Hazardous Weather Conditions

Research in autonomous driving continues to advance in terms of improving the perception

capabilities of self-driving cars for greater safety. This includes detecting both static and dynamic

obstacles such as pedestrians [85], tracking and predicting the trajectories of other vehicles [41,

86, 87, 88], and scene segmentation [45, 89]. Immense progress along these lines has led

to the deployment of level 2 and almost level 3 autonomous vehicles (AVs) in urban traffic

environments [90]. However, these advances in perception technology have been primarily

designed to work well in safe and clear weather conditions. Driving in adverse weather and

lighting conditions such as snow, rain, or fog is challenging not just for autonomous vehicles but

even for humans. These conditions result in a degradation in accuracy of perception techniques

including road segmentation [5, 6]. Consequently, AVs are unable to distinguish drivable regions

of the road from the non-driveable region (which may be affected by snow, rain, or fog), thereby

increasing the likelihood of road accidents [20]. In this chapter, we address the problem of road

segmentation in adverse weather conditions.

The road segmentation [91, 92] problem corresponds to identifying the pixels in an RGB

image or video that belong to the ‘road’ class. While general models designed for semantic

segmentation in computer vision can be directly used for road segmentation, they suffer from
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Figure 2.1: We highlight the results generated by SS-SFDA on night [5] and fog benchmarks
[6], compared to the baseline source model pre-trained on clear weather CityScapes. The purple
regions (right) denote the segmented road pixels. The overall accuracy of our self-supervised
algorithm in terms of mIoU is (88− 96%) of supervised methods.

the inability to capture semantic relationships between different objects due to the lack of unique

labels for each class. The use of self-attention techniques [45, 93] can mitigate this issue by

capturing long-range dependencies.

However, one major challenge in road segmentation in adverse weather is the lack of

ground-truth annotations for road pixels. A common approach in deep learning for handling lack

of training data is domain adaptation (DA) [49, 94]. However, DA-based methods assume access

to source datasets (clear weather dataset in our context) at all times which can be prohibitive

in terms of storage, memory, data corruption and privacy concerns. Recently, [95, 96] have

proposed source-free domain adaptation (SFDA) in which deep neural networks (DNNs) do not

require access to the source dataset during the adaptation stage; instead, DNNs are pre-trained

on a source dataset (clear weather dataset) and the pre-trained model is directly used to adapt

to the unlabeled target domain (adverse weather dataset). Current methods for SFDA are used

for image classification [97, 98, 99, 100] and may not work well for semantic segmentation

due to the inherent differences between the classification and segmentation tasks. Moreover,

many current SFDA methods use GANs to produce a “copy” of the original source domain

distribution. In addition to being computationally intensive due to the difficulty in training

GANs, image generation for segmentation requires GANs to capture contextual information and
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semantic relationships between multiple objects and the background, which can be complicated

in road scenes. As a result, prior SFDA techniques have not been used for road segmentation.

2.0.1 Main Contributions

We present a new approach for road segmentation in adverse weather conditions. Our

approach is based on a novel algorithm for SFDA using self-supervised learning. We initialize

our model with an auto-encoder baseline network using self-attention to generate a pre-trained

model on the clear weather source dataset. Using self-attention improves the overall model by

capturing long-range dependencies within the image. Our novel contributions include:

1. We present a novel two-step self-supervised SFDA approach called SS-SFDA. In the first

step, our method uses entropy minimization to enrich the noisy pseudo-labels generated by

the pre-trained auto-encoder. In the second step, we use a novel self-training method that

generates pseudo labels in an online manner, as opposed to iterative self-training use by

prior methods. We use curriculum learning to implement these two steps. This results in

the following benefits compared to prior GAN-based approaches:

• SS-SFDA directly exploits the pre-trained model and trains via curriculum learning

to progressively bridge the domain gap between the pre-trained source domain and

target domain and achieve faster training times.

• Our online self-training scheme overcomes the saturation issues.

2. For heterogeneous adverse weather datasets, we propose a method that extends SS-SFDAby

leveraging a few labeled images from the target domain to improve the accuracy using

model distillation.
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We have evaluated our approach on 6 datasets corresponding to real and synthetic adverse

weather conditions. Overall, our mIoU score is 88 − 96% of prior supervised methods. We also

improve the training time over prior SFDA approaches by 18− 180×. Finally, our improvement

in terms of mIoU over the best SFDA approach is 10.26% on real adverse weather data.

2.1 Related work

Road Segmentation Research in deep learning for semantic segmentation [18, 31, 44, 45, 78,

89, 101] has paved the way for segmentation in urban traffic scenes like CityScapes [21]. These

methods have been extended for supervised road segmentation [91, 92, 102, 103]. Our approach

based on self-supervised learning is complimentary to these methods.

Domain Adaptation and Source Free Domain Adaptation Traditional domain adaptation [50,

94, 104, 105, 106, 107] methods have achieved remarkable success in adapting models from

one domain to another for clear weather conditions. However, these methods need access to the

source data. Many domain specific solutions have been proposed for adverse weather conditions,

including specific solutions for driving in rain, fog, etc. [6, 20, 108, 109, 110, 111] In contrast, we

propose a generic method that neither relies on specific details from each domain, nor requires

access to source data during the adaptation stage.

In source-image free domain adaptation (SFDA), a deep neural network (DNN) pre-trained

on a source dataset is required to directly make predictions on the target domain dataset in an

unsupervised manner. This approach has been primarily used for image classification tasks.

In SFDA, generative approaches [97, 98, 99, 100, 112] are used to either emulate the source

data by using the feature representations of the pre-trained model or create a negative source
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Figure 2.2: Our Approach: In stage 1, our model is pre-trained on a clear weather source
dataset. In stage 2, our model is initialized with the pre-trained model from stage 1 and
trained using our self-supervised algorithm, SS-SFDA, on the unlabeled adverse weather dataset.
For heterogeneous weather datasets, we perform additional refinement steps based on model
distillation (stage 3).

dataset during the pre-training stage. Non-generative approaches [95, 113, 114, 115] rely on

computing adaptive class specific prototypes, and progressively learn on the target images. While

generative approaches work well for classification tasks, they have not been effective for urban

scene segmentation. This is because segmentation, being a pixel level task, requires the network

to encode context, inter-class semantic relations, structure, and intricate boundaries [116, 117,

118]. In addition, training a generator for a complex segmentation task can lead to memory

and computational overheads, and thereby adds to the difficulty of training GANs. While non-

generative classification methods are easier to adapt for segmentation, the computation of prototypes

results in similar issues due to the inherent differences between classification and segmentation

tasks. Bateson et al. [119] explored SFDA in the context of medical segmentation and minimized

entropy by the incorporation of class priors [119]. However, preservation of class priors does not

extend well to urban road scenes because the number of road pixels in each image in the dataset

can vary quite drastically. In contrast, we present a new method for SFDA using self-supervised

learning that overcomes issues related to training and convergence that are freq generative processes.

Our method is designed to be complimentary to GAN-based SFDA.
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Self-Supervised Learning Self-supervised learning has been used in semi-supervised learning [120,

121] and domain adaptation [122]. Most self-supervised learning methods are centered around

the ideas of pseudo labeling [123, 124, 125, 126, 127], entropy minimization [49, 128], and

curriculum learning [129]. Domain adaptation methods have access to source domain images.

In contrast, we propose a novel self-training routine for SFDA and a completely unsupervised

problem setting, where we have access to only a pre-trained model, and target domain images.

2.2 Method

In this section, we present our approach for source-image free domain adaptive (SFDA)

road segmentation based on self-supervised learning. Our approach consists of three main components:

1. Pre-training using the self-attention auto-encoder: During this stage, we train the self-

attention auto-encoder architecture on a clear weather dataset. This generates a model that

encapsulates knowledge about road pixels.

2. SS-SFDA : A Self-Supervised learning algorithm for SFDA: During this stage, we

initialize the model using the pre-trained model from the previous step and the target

domain images. We use a combination of curriculum learning and entropy minimization

to bridge the domain gap between the pseudo-labels and the target domain images. We

first sort the target domain images in the increasing order of entropy, and create mini-

batches of the dataset. The next task is to execute the following steps on each mini-batch

to progressively self-train the model:

• Optimize the model with an entropy minimization constraint to bridge the domain

gap.
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• Self-train the model by generating enriched pseudo-labels in an online manner.

3. Few-Image Regularization: For heterogeneous weather datasets, we use a very small

number of labeled images (5 − 10) from the target domain to boost the performance of

SS-SFDA via model distillation.

2.2.1 Pre-Training Baselines Using Self-Attention

The first step in SFDA is to pre-train a DNN on the source dataset for the task of road

segmentation. In our case, the source dataset corresponds to traffic videos with clear weather

conditions. While networks developed for semantic segmentation [31, 44, 89, 101] can be

directly used for road segmentation, there is loss of context i.e. the model is unable to capture

relationships between various semantic classes in the images like cars and roads, pedestrians and

roads, sky and roads, etc. The loss of such context can lead to local ambiguities in classifying

pixels [116, 117, 118].

Self-attention benefits from its capability to capture long-range dependencies between various

regions of the image. Thus, using self-attention in road segmentation can allow neural networks

to alleviate the degradation in performance due to loss of context. We use a simple autoencoder

self-attention architecture that can be combined with any “off-the-shelf” segmentation network.

We begin by taking an input RGB image I ∈ Rw×h×3, which is passed through an encoder E to

generate feature maps Fen (Fen = E(I)). Next, we apply self-attention SA [93] on these features

maps to obtain attention maps Fsa (same dimensions as Fen). These feature maps encapsulate

the semantic relationships between various parts of the image. These feature maps Fsa are used

to learn the final predictions Pout ∈ Rw′×h′×1, which corresponds to the probability that each
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pixel is classified as ‘road’. In the supervised setting where ground-truth labels Y ∈ Zw′×h′×1 are

available, the network is optimized with a binary cross-entropy loss function,

LCE = −
∑
h,w

Y log(Pout) + (1− Y ) log(1− Pout). (2.1)

We use this pre-trained model for SFDA on the adverse weather datasets [1, 5, 6, 12, 130].

2.2.2 SS-SFDA

In this section, we describe our two-step self-supervised learning algorithm for unsupervised

source-image free domain adaptive road segmentation in adverse weather conditions. We use the

pre-trained model from the previous step. The pseudo-labels generated by the model are noisy

leading to a domain gap between the pseudo-labels generated by the pre-trained model (on the

source dataset) and the target domain images. Thus, directly self-training using the pseudo labels

can hamper the performance of the model. To counter this, we propose an entropy minimization

step which encourages the network to generate more accurate pseudo labels.

In addition, to bridge the domain gap between the pre-trained model and the target domain,

we use curriculum learning [131, 132] in which the DNN is allowed to train on samples progressively

in their increasing order of entropy of predictions. Given a probability map P denoting the

probability that pixels are classified as road pixels, the entropy is computed as −ΣP × log(P ).

This is because learning from samples with low entropy (low rain, for example) yields better

pseudo labels on samples with higher entropy (high rain, for example) [109, 129, 129]. We

create mini-batches of the dataset characterizing the difficulty of the images. For datasets which

provide labels on the intensity (light rain vs heavy rain) of the weather condition, mini-batches
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can be created directly. For other datasets, we sort the images in increasing order of the entropy

and then split them into m (m ∼ 4−5, determined by hyperparameter tuning) equal mini-batches.

The model is self-trained on the mini-batches in a sequential manner. For the first mini-batch,

the model is initialized with the pre-trained model. For subsequent mini-batches, our model is

initialized with weights obtained by training the network on the previous mini-batch. For each

mini-batch, the network is trained in two stages, as described below:

Step 1: Bridging the Domain Gap via Entropy Minimization The pre-trained model has a low

entropy (i.e. high prediction probability or better generalization) on images that are similar (for

example, similar geography, light rain, light fog) to source domain images [5] and vice versa.

Thus, initializing the network with these pre-trained weights, followed by training by entropy

minimization [59, 128] allows the network to generate enriched pseudo-labels. The inputs to the

network are images from the target domain. Let the predictions of the network be denoted by

Pout ∈ Rw′×h′×1, corresponding to the probability that each pixel is classified as ‘road’. The cost

function for entropy minimization is given by,

LEM = −
∑
∀pixels

P h,w logP h,w, (2.2)

where P h,w is the probability that a pixel belongs to a class ‘road’ at a given location, and

−P h,w log, P h,w is the entropy.

Step 2: Online Self-Training Using Enriched Pseudo-Labels The network trained in Step 1

generates enhanced pseudo labels with high probability, and is thus a better representative of the

target domain than the pre-trained source model. These enriched pseudo labels which can be
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used to self-train the model further to improve performance. A traditional method of self-training

using pseudo-labels is iterative [48] in which the network is trained to convergence (validation

loss less than a given threshold) over multiple iterations. In each iteration, pseudo labels from the

trained model in the previous iteration are used to set up the binary segmentation cost function.

We show that iterative self training does not lead to any improvement in performance. This is

because, the pre-training step, which is imperative for acquiring initial knowledge about road

pixels since the problem is unsupervised in the target domain, causes the network to saturate

quickly. Hence, we generate the pseudo labels in an online manner, i.e. the pseudo labels are

generated from the network that is being trained. This allows the network to self-train from the

improved pseudo labels as they are learnt.

The network in this stage is initialized with the weights obtained in Step 1. The inputs to

the network are images from the target domain. Pseudo labels are generated in an online fashion

from the network being trained as follows,

Ypseudo =


1 if P h,w ≥ τ,

0 otherwise,

where P h,w is the probability that a pixel belongs to the class ‘road’ at a given location and τ is

a threshold. The network is optimized with these pseudo-labels using a binary cross entropy loss

term.
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Dataset Syn./Real Weather

Rainy CityScapes [1] Syn Varying intensities (1mm - 200mm) of rain
Foggy CityScapes [1] Syn Varying intensities (750m - 30m) of fog

Foggy Zurich [6] Real Light and medium Fog
Dark Zurich [5] Real Twilight, Night

Raincouver [130] Real Rain, night
BDD [12] Real Snow, Fog, Rain, Night

Table 2.1: List of datasets: The second column categorizes the datasets as synthetic or real and
the third column describes the images contained in the dataset.

2.3 Few-Image Fine-Tuning via Model Distillation

Some heterogeneous weather datasets like Raincouver [130] and Berkeley Deep Drive

(BDD) [12] contain a mixture of adversities within the same image (for instance night+rain in

Raincouver, see Table 2.1). Furthermore, these datasets are captured from different geographic

conditions (i.e., source and target datasets may be from different regions). To make our model

robust against such factors, we use ground truth labels for a few images (order of 5− 10 images)

from the target dataset in a final refinement step described below. In a nutshell, given a model

trained on the unlabeled target dataset using SS-SFDA, and k ≤ 10 labeled images from the

target domain images, our goal is to learn enhanced feature maps for the target domain in the

presence of adversarial factors such as mixtures of adversities and different geographical regions.

We empirically observe that directly fine-tuning the SS-SFDA model on the k images is

sub-optimal due to overfitting. To prevent overfitting, we propose a model distillation [112]

regularizer. Let the weights of the SS-SFDA model be denoted by ωSS-SFDA, and the weights of

the model being currently trained be denoted by ωfewIm. The cost function for model distillation

is given by,

Lmodel-distil = C(ωSS-SFDA, ωfewIm),

where C represents a distance function such as MSE distance or L1 distance. In our benchmarks,
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MSE distance works best.

The network is first initialized with weights of the SS-SFDA model. The model distillation

term Lmodel-distil with weight parameter λmodel-distil is applied in conjunction with the binary cross

entropy loss function (Equation 2.1) to constrain the probability predictions and ground-truth

labels for k images. The λmodel-distil term balances between extracting domain specific characteristics

from the k images (such as mix of adverse weather, geographical features etc.) and prevents the

weights of the model from diverging from the SS-SFDA weights (for better generalization). The

overall equation follows as,

Loverall = LCE + λmodel-distilLmodel-distil (2.3)

2.4 Experiments and Results

We use the CityScapes dataset as the clear weather source domain. We conduct evaluation

experiments on 6 datasets captured in adverse environmental conditions. We evaluate our model

using four metrics: mean Intersection over Union (mIoU), Recall (or accuracy), Precision, and F1

score. All our models are trained using one NVIDIA GeForce GPU, and we implement the model

using the PyTorch framework. We will make all code publicly available. The hyperparameters

generalize across our experiments on all datasets. For the segmenatation model, we use the

SGD optimizer with a learning rate of 2.5e − 4, and momentum of 0.9 and weight decay of

0.0005. Dataset specific details are provided in the table below. Images are downsampled (by a

factor of 2, where necessary) by bilinear sampling, and the corresponding ground-truth labels are

downsampled by nearest neighbour downsampling.
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Model Acc.(%) (w/o. SA) Acc.(%) (w. SA)

DeepLabv2 [31] 89.59 90.54 (+0.95)
DeepLabv2 (E-1) [31] 87.50 90.78 (+3.28)
DeepLabv2 (E-2) [31] 88.13 88.62 (+0.49)

DRN-D-105 [18] 83.92 85.32 (+1.40)
DRN-D-38 [18] 90.69 91.44 (+0.75)

Table 2.2: Effect of self-attention: We show for various backbone architectures that self-
attention improves the accuracy. DeepLabv2 (E-1) and DeepLabv2 (E-2) denote the removal
of 1 and 2 layers from DeepLab respectively. We select DRN-D-38 with self-attention (bolded)
as the baseline for all further experiments.

2.4.1 Analysing Pre-Trained Self-Attention-based AutoEncoder

In this section, we analyse the performance of our self-attention auto-encoder model and

benchmark its performance on various datasets in the supervised setting. We show that the

usage of self-attention within various conventional semantic segmentation models to encode

semantic relationships via capturing long-range dependencies improves performance over the

corresponding baseline. We use the DRN-D-38 model [18] with self-attention in all further

experiments. We benchmark the model on various weather datasets in the supervised setting.

We use these supervised numbers in the following subsections to perform a comparative study of

our self-supervised model for a summary). We also show that the self-attention autoencoder is

comparable to the state-of-the-art on various datasets.

2.4.2 Results on Synthetic Datasets: Rain and Fog

We perform three evaluation experiments. Experiment A corresponds to testing the pre-

trained CityScapes model on varying intensities of rain and fog. Experiment B corresponds

to results obtained by training SS-SFDA without curriculum learning (i.e. by initializing with

the CityScapes pre-trained model and training on higher intensities of rain and fog directly),

and experiment C corresponds to results obtained by training SS-SFDA as proposed (i.e. with
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Intensity mIoU Recall Prec. F1

I. Synthetic Rain [1]

1mm 93.23 96.13 96.86 96.49
5mm 94.06 96.95 96.92 96.93
17mm 93.92 96.87 96.85 96.86
25mm 93.07 96.4 96.42 96.41
50mm 92.45 95.72 96.43 96.08
75mm 92.05 96.25 95.47 95.86
100mm 91.57 96.66 94.56 95.60
200mm 90.57 95.69 94.42 95.05

II. Synthetic Fog [1]

750m 95.53 97.46 97.97 97.71
375m 94.74 97.08 97.51 97.30
150m 92.72 95.71 96.74 96.22
75m 91.64 96.12 95.15 95.63
50m 90.59 94.97 95.16 95.06
40m 90.21 95.68 94.03 94.85
30m 89.00 94.33 94.02 94.18

III. Real datasets

Raincouver [130] 71.88 80.36 87.19 83.64
BDD [12] 89.19 92.86 95.76 94.29

IV. SOTA Comparisons

Dataset Method mIoU Recall F1

CityScapes

FCN [78] 89.90 95.70 94.68
CA [45] 88.93 94.05 94.14

BoT [133] 76.55 85.82 86.72
DeepLabv3 [101] 90.87 95.35 95.21
s-FCN-loc [102] 91.04 96.11 95.36
Zohourian [103] 86.34 96.76 92.44

RBA [92] 96.00 98.13 98.00
Ours 91.44 96.34 95.52

100mm Rain
SNE-Seg [91] 90.80 96.80 95.80

Ours 91.57 96.66 95.60

100mm Rain
SNE-Seg [91] 90.50 93.00 94.47

Ours 91.64 96.12 95.63

Table 2.3: Benchmarking and comparing the self-attention based pre-trained model: We
train our self-attention model on various datasets in a supervised manner. These supervised
numbers help us conduct a relative study of the performance of SS-SFDA, which is unsupervised
in the target domain. Additionally, we observe that our pre-trained model is comparable to the
state-of-the-art (Experiment IV). Best results are in bold fonts, second best results are in blue).
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Intensity Experiment mIoU Recall Prec. F1

I. Synthetic Rain

1 mm A 94.73 97.16 97.42 97.29
5 mm A 94.09 97.01 96.90 96.95

17 mm A 93.95 96.83 96.93 96.88
25 mm A 93.01 96.30 96.46 96.38
50mm A 89.82 93.71 95.58 94.64

75mm A 87.15 90.92 95.45 93.13
75mm B 88.08 93.94 93.38 93.66

100mm A 82.97 86.88 94.84 90.69
100mm B 86.67 92.88 92.84 92.86

200mm A 65.98 68.94 93.90 79.50
200mm B 80.25 86.96 91.22 89.04
200mm C 81.58 88.55 91.20 89.85

II. Synthetic Fog

750m A 94.90 96.68 98.09 97.38
375m A 92.71 94.60 97.88 96.21

150m A 85.55 87.57 97.38 92.21
150m B 89.74 94.59 94.59 94.59

75m A 70.81 72.51 96.79 82.9
75m B 80.67 83.01 96.62 89.30
75m C 87.48 92.99 93.65 93.32

50m A 57.29 58.92 95.39 72.85
50m B 71.64 73.69 96.24 83.47
50m C 85.47 90.75 93.63 92.16

40m A 46.27 48.45 91.12 63.27
40m B 52.62 53.94 95.57 68.96
40m C 83.65 89.19 93.09 91.10

30m A 35.04 38.05 81.59 51.90
30m B 22.24 22.92 88.29 36.39
30m C 80.82 85.96 93.11 89.39

Table 2.4: Results on synthetic rain and synthetic fog [1]: We evaluate our model under
three settings - A: (Baseline) Testing the clear weather CityScapes model, B: SS-SFDA without
curriculum learning, C: SS-SFDA. We show that the CityScapes model generalizes well to light
synthetic rain and fog, and its performance degrades as the intensity of rain and fog increases,
which is restored by SS-SFDA. Comparison to supervised results: On synthetic rain, SS-SFDA
achieves 90.07%-90.8% and 92.53%-97.6% of supervised mIoU and recall, respectively. On
synthetic fog, SS-SFDA achieves 90.8%-96.78% and 91.12%-98.82% of supervised mIoU and
recall respectively.
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curriculum learning).

Results on Synthetic Rain: The results of SS-SFDA on Synthetic Rainy CityScapes [1] are

shown in the table. For low intensities of rain, the performance of the CityScapes model is more

or less preserved. For higher intensities of rain, there is a degradation in performance. We observe

that the decrease in performance is highest for 200mm rain, at 27.15%. For 75mm, 100mm, and

200mm, Experiment B imparts an improvement of 1.03%, 4.45%, and 21.63% respectively over

the corresponding baselines. Experiment C leads to a cumulative improvement of 23.64% over

the corresponding baseline. Furthermore, we demonstrate that the mIoU and recall of our SS-

SFDA, which is completely unsupervised, is 90.07% − 90.80% and 92.53% − 97.60% of the

counterpart supervised mIoU.

Results on Synthetic Fog: The results of our SS-SFDA on Synthetic Foggy CityScapes [1]

are shown in the table. Similar to synthetic rain, the performance of the CityScapes model

on light fog is more or less preserved. For higher intensities of fog, there is a degradation in

performance. We notice that the degradation is very high for visibility distances less than 150m,

and is the highest at 60.6% for 30m fog. Experiment B leads to an improvement of 4.89%,

13.9%, 25.04%, 13.7% on 150m, 75m, 50m, and 40m fog respectively. Direct application of the

self-training algorithm on 30m fog (without curriculum learning) degrades performance since

the generalization of CityScapes on 30m is very poor. Experiment C (Training SelfTr-Road Seg

by curriculum learning i.e. progressively from 150m fog to 30m fog) cumulatively improves

performance over the baselines (Experiment A) by 23.54%, 28.18%, 80.78% and 130.65% on

75m, 50m 40m, and 30m fog respectively. Furthermore, we demonstrate that the mIoU and recall

of our SS-SFDA, which is completely unsupervised, is 90.8%-96.78% and 91.12%-98.82% of the

supervised mIoU.

50



Benefits of Curriculum Learning: On a given dataset, the performance of our self-training

algorithm depends heavily on the generalization capabilities of the pre-trained model used for

initialization. Therefore, progressively initializing and training the model on increasing intensities

of rain and fog will lead to the best accuracies. This implies that progressively training from low

intensities to high intensities of rain and fog improves the quality of pseudo labels and prediction

probabilities on high intensities of rain and fog. In simpler terms, for the 100mm rain dataset, a

model trained on 75mm rain will work better than the CityScapes clear weather model. Similarly,

for the 200mm rain dataset, a model trained on 100mm rain will work better than the 75mm

rain model, which in turn will generalize better the CityScapes clear weather model. A similar

intuition can be drawn for synthetic fog too. We validate this hypothesis in the table. The first and

second columns correspond to the datasets that the model is trained and tested on respectively.

We observe that curriculum learning progressively improves performance, which results in high

quality pseudo labels with high confidence, a boon for self-training.

Generalization trends: We observe that our self-supervised SS-SFDA preserves the accuracy on

the clear weather source dataset, CityScapes. The mIoU and accuracy of the fog model on clear

weather CityScapes are at 96.9% and 99.00% of the supervised CityScapes model, respectively.

The corresponding accuracy numbers for synthetic rain are 98.11% and 98.72%, respectively.

2.4.3 Results on Real datasets: Foggy Zurich and Dark Zurich

Analysis: Foggy Zurich The pre-trained CityScapes model fails to generalize to the real fog

dataset due to the domain gap. In accordance with the curriculum learning strategy, the self-

training algorithm is first applied on images with light fog, and then on images with medium
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Training Testing mIoU Recall Prec. F1

CS 100mm rain 82.97 86.88 94.84 90.69
75mm rain 100mm rain 86.31 92.63 92.68 92.65

CS 200mm rain 65.98 68.94 93.9 79.5
75 mm rain 200mm rain 78.97 85.86 90.77 88.25

100 mm 200mm rain 79.61 86.27 91.15 88.65

CS 75m fog 70.81 72.51 96.79 82.9
150m fog 75m fog 83.82 87.44 95.28 91.19

CS 50m fog 57.29 58.92 95.39 72.85
150m fog 50m fog 76.07 79.49 94.64 86.41
75m fog 50m fog 84.38 89.44 93.71 91.52

CS 40m fog 46.27 48.45 91.12 63.27
150m fog 40m fog 65.6 69.98 91.28 79.22
75m fog 40m fog 78.17 83.51 92.43 87.74

CS 30m fog 35.04 38.05 81.59 51.9
150m fog 30m fog 53.61 59.62 84.17 69.8
75m fog 30m fog 68.49 75.21 88.45 81.3

Table 2.5: Curriculum learning improves performance by improving the accuracy of pseudo
labels: The first and second columns correspond to the datasets our model is trained and tested,
respectively. Evaluating on 30m fog reveals that a model finetuned to 75m fog performs better
than the counterpart 150m fog model, which in turn performs better than that the CityScapes
model. Similar conclusions can be drawn for other intensities of rain/fog.

Experiment mIoU Recall Prec. F1

I. Baseline: CityScapes pre-trained model

- 36.91 57.04 51.13 53.92

II. SS-SFDA on Light Fog; Init: CS model

Step 1 59.1 68.27 81.48 74.29
Step 2 60.9 69.09 83.7 75.7

III. SS-SFDA on Medium Fog; Init: Light fog model;

Step 1 73.34 76.22 95.1 84.62
Step 2 74.5 76.74 96.23 85.39

Table 2.6: Results on the real fog dataset, Foggy Zurich. We observe that SS-SFDA improves
mIoU by 101.84% over the corresponding baseline. We notice that training the model on light
fog followed by medium fog imparts the model with improvised self-training abilities, the mIoU
improves by 22.3%. Additionally, the ablations on each minibatch indicate that the two step
training procedure in SS-SFDA is indeed helpful.
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(a) Fog 50m (b) Baseline (c) Ours (d) GT

(e) Dark Zurich (f) Baseline (g) Ours (h) GT

(i) Rain 100mm (j) Baseline (k) Ours (l) GT

(m) Foggy Zurich (n) Baseline (o) Ours (p) GT

Figure 2.3: Qualitative results. Our model generates results that closely resemble the ground-
truth (GT) compared to the baseline CityScapes pre-trained model. Purple indicates the
segmented road region.

fog. We show results for each of the two stages of SS-SFDA to demonstrate how the two-step

training procedure gradually improves performance. Training with light fog improves the mIoU

by 64.99% over the corresponding clear weather baseline. Initializing the model trained on light

fog, and fine-tuning on medium fog using SS-SFDA further improves the performance by 22.3%,

thus resulting in a cumulative improvement of 101.84%. We do not show comparisons with

supervised methods due to a lack of labeled datasets.

Experiment Method Source Data mIoU %(sup)

I. Synthetic Dataset: 100 mm rain

Domain Adaptation ADVENT [49] ✓ 85.96 93.87%
Domain Adaptation PrDA [95] ✓ 86.12 94.04%

Self-training CBST [126] 78.64 85.87%
SFDA PrDA [95] 84.77 92.57%
SFDA Ours 86.67 94.64%

II. Heterogeneous Real Dataset: Berkeley Deep Drive

SFDA PrDA [95] 75.32 82.43%
SFDA Ours 83.05 93.11%

Table 2.10: Comparisons against the state-of-the-art: We adopt the state-of-the-art methods in
self-training, domain adaptation, and SFDA classification to road segmentation, and present the
results on Rain 100mm. We pick the best performing source-free model and conduct experiments
on BDD. We observe an improvement of 10.26%.
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Experiment mIoU Recall Prec. F1

I. Baseline: CityScapes pre-trained model

- 54.9 63.89 79.6 70.88

II. SS-SFDA on Twilight Zurich; Init: CS model

Step 1 69.11 74.75 90.15 81.74
Step 2 69.13 74.77 90.16 81.74

III. SS-SFDA on Night Zurich; Init: Twilight model

Step 1 71.75 76.22 92.44 83.55
Step 2 72.18 76.51 92.72 83.84

Table 2.7: Results on the night driving dataset, Dark Zurich. We observe that SS-SFDA
improves mIoU by 31.47. We observe that our two-stage training routine within the curriculum
learning algorithm helps the network perform well.

Experiment mIoU Recall Prec. F1

I. SS-SFDA 52.42 93.96 54.25 68.78

II. Results on FewIm-FT

k=1 54.71 90.7 57.96 70.74
k=2 56.74 90.45 60.36 72.4

k=10 63.85 79.39 76.54 77.93

III. Effect of model distillation (MD); k=10

Without MD 57.08 70.99 74.45 72.67
With MD 63.85 79.39 76.54 77.93

Table 2.8: Results on Raincouver: SS-SFDA achieves 72.9% of supervised mIoU. We
demonstrate the effectiveness of FewIm-FT over varying values of k in Experiment II. k = 10
results in an improvement of 21.8% over SS-SFDA, which is 88.82% of supervised mIoU.
Additionally, we show the benefit of model distillation in Experiment III.

Experiment mIoU Recall Prec. F1

CS pre-trained model 70.28 74.49 92.54 82.54
SS-SFDA 75.29 83.3 88.7 85.92

FewIm-FT, k=10 83.05 93.06 88.53 90.74

Table 2.9: Results on BDD: SS-SFDA improves baseline mIoU by 7.12%. Experiments on
FewIm-FT demonstrate an improvement of 10.30% over SS-SFDAfor k=10, which is 93.11% of
supervised mIoU.
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Analysis-Dark Zurich: The CityScapes pre-trained model does not work well on Dark Zurich.

SS-SFDA first trains on the twilight images, and then on the night images. Training with twilight

images improves the mIoU by 24.91% over the corresponding clear weather baseline. Initializing

the model with the model trained on twilight images, and fine-tuning on night images further

improves performance by 4.41%, thus resulting in a cumulative improvement of 31.47%. We do

not show comparisons to supervised accuracies due to the unavailability of training labels.

2.4.4 Heterogeneous Real Datasets: Raincouver and Berkeley Deep Drive

Raincouver [130] and Berkeley Deep Drive (BDD) [12] are complex datasets with images

containing a mix of weather conditions in addition to scenes from different geographical regions.

Raincouver consists of images captured under rain during the night. BDD consists of images in

snow, fog, low light, glare, rain, etc. We show that SS-SFDA benefits from supervised finetuning

with just 5− 10 images. The models converge in 40 iterations, which takes 2 minutes to train on

one NVIDIA GeForce GPU with 11GB memory.

Analysis-Raincouver: SS-SFDA results in an mIoU of 52.42, which is 72.9% of supervised

mIoU. We show the effectiveness of the fine-tuning step. As k (number of supervised images used

by the algorithm) increases, the performance of the model improves. Using just 1 image (k = 1)

results in an improvement of 4.3% (over SS-SFDA). k = 10 achieves 88.82% of supervised

mIoU. We demonstrate that model distillation improves mIoU by 11.86%. Hyperparameter

tuning on the model distillation hyperparameter λmodel-distil reveals that a value of 1.0 works best.

Analysis-Berkeley Deep Drive: The CityScapes model results in an mIoU of 70.28 (baseline).

Training with SS-SFDA improves performance by 7.12% over the baseline, and is at 84.41%
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of supervised IoU. In Experiment III, we pick k random images from the dataset and finetune

the network using the fine-tuning step. In concurrence with our intuition, we observe that the

performance improves as the number of images increases. For k = 10, we demonstrate an mIoU

improvement of 10.30% over SS-SFDA, which is 93.11% of supervised accuracy.

2.4.5 Training Time and Convergence

The pre-training step helps our model converges in 1/6 epoch (the accuracies are similar

over multiple random runs), thus bringing the training time down to 15 minutes on an NVIDIA

GeForce GPU with 11GB memory. Generative SFDA models [97] take 30 epochs to converge,

while prior work on self-training [126] and SFDA [95] applied (where feasible) to road segmentation

converge in 3 epochs. Thus, we improve training time over prior SFDA approaches by 18−180×.

2.4.6 Comparisons with Prior Work

We adapt (where feasible) the state-of-the-art method in the following categories: self-

supervised learning [126], source-free DA[95], and DA [49] to road segmentation for comparisons.

Other methods like feature alignment by class-wise prototype learning [114], generative methods

[97, 98, 99, 100, 112], and models that optimize source domain class priors [132] do not scale

well to SFDA road segmentation. We performed evaluations using each of the methods on

synthetic rain and observe that our model outperforms all prior methods. We finally train the

best performing SOTA model on BDD for comparisons on heterogeneous real datasets which

carry the highest level of difficulty. On BDD our method outperforms prior methods by 10.26%.
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2.5 Conclusions, Limitations and Future Work

We propose a new method for road segmentation in adverse weather conditions using a

novel self-supervised source-free domain adaptation approach. Through our evaluations on 6

real and synthetic datasets, we show that that our self-supervised model that has access to only a

pre-trained clear weather model and unlabeled target images exhibits accuracy that is comparable

to completely supervised models which have access to labels for all target domain images. In

addition, we exhibit benefits in terms of faster training time and state-of-the-art performance.

There are a few limitations of our work. Currently, our approach is designed for binary

segmentation and cannot perform multi-class segmentation. Extending the current method to

multi-class segmentation would generalize the approach beyond road segmentation. Moreover, it

would interesting to investigate if SFDA via self-supervised learning could be extended to other

computer vision problems such as object recognition, image classification, scene understanding,

etc.
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Chapter 3: SALAD: Source-free Active Label-Agnostic Domain Adaptation

Deep learning solutions for visual applications such as semantic segmentation [49, 50],

image classification, and document layout analysis [134, 135] require a large amount of annotated

data. Two popular trends to deal with the lack of sufficient annotated data are Domain Adaptation

(DA) and Active Learning (AL). In Active Learning (AL) [136, 137, 138, 139], the model mines

and annotates samples within a fixed budget (e.g. 5% of the available corpus of unlabeled data

[140]) to maximize the models performance. Typical active learning strategies include modelling

diversity and uncertainty for efficient sampling [140, 141]. Domain adaptation [49] aims at

transferring knowledge from a “source” domain to the “target” domain of interest.

An amalgamation of active learning and domain adaptation, Active Domain Adaptation

(ADA) [137, 141, 142] has explored the use of annotated “source”-data from a related domain

to adapt to the “target”-domain dataset, within a fixed budget of annotating the “target” data. The

drawback of ADA is that it requires access to annotated source data, which might be prohibitive

due to privacy issues or storage constraints [97, 99]. Recently, there have been explorations on

source-free adaptation as well [115, 143]. However, these methods don’t generalize across label

shifts and tasks, which can be enabled by annotating a small budget of samples from the target

domain via active learning.

58



Main Contributions: In this work, we focus on the novel problem of Source-free Active Domain

Adaptation, SF-ADA, where we have access to a pre-trained “source” network, but the source

data is not available due to privacy concerns or otherwise. Further, an unlabeled target dataset,

and a small budget for acquiring labels in the target domain is specified. Moreover, the target

domain may also have a shift in the label space from the source domain. We propose SALAD, a

generic novel framework for SF-ADA, which jointly optimizes sampling target data for annotation

and source-free adaptation of the neural network to the target domain.

SALAD holistically addresses two key challenges of the problem setting via two complementary

components: the Guided Attention Transfer Network (GATN) for source-free adaptation from

the pre-trained network to the target domain and an active learning algorithm, HAL, for mining

samples from the target domain for annotation:

• Source-free Adaptation: GATN enables adaptation at the feature level from the pre-trained

network to the target network (Figure 9.2). GATN uses a transformation network to modulate

the features of the pre-trained network, in alignment with the target domain, followed by

guided attention for selective distillation to the target network. The target network is guided

in adaptation via samples selected through active learning.

• Active Learning: The effectiveness of GATN depends on the samples selected for annotation

from the target dataset. While it is important to choose samples that are similar to the source

distribution, we need to ensure that the chosen samples are informative to the network w.r.t.

the target dataset. To do so, HAL combines adaptability from the pre-trained network, as

well as uncertainty w.r.t. the target network.

Our method does not attempt to emulate source data using generative approaches, which
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is common in task-specific source-free domain adaptation [97, 144]. This makes our neural

networks easy to train. SALAD has multiple benefits. (i) The architecture is task-agnostic, and

can be applied across various visual tasks such as classification, detection and segmentation. (ii)

Adaptation happens at the feature space (output of the network before the decoder). Thus, our

architecture is label space-agnostic and can handle shifts in label space, where the source and

target domains contain different number and types of classes (iii) The source data is not required

for adaptation. Further, the pretrained source network is not required while testing and can be

discarded after training.

We evaluate SALAD across three tasks. On classification datasets (MNIST, SVHN), we

demonstrate that even without the source data, SALAD performs similar to or better than the

prior active domain adaptation methods [137, 142] that use large amounts of annotated source

data. Next, we evaluate on MNIST under 2 distinct cases of shift in output label space and show

that SALAD is able to achieve 99.4% of the accuracy in case of no shift in the label space, thus

establishing the effectiveness of our model in scenarios with label shift. Our experiments on

the CityScapes dataset for semantic segmentation improves accuracy by 5.57% over fine-tuning.

We also highlight the benefits of SALAD over other adaptation paradigms in Table 3.7. Finally,

we conduct experiments on adaptation for document layout detection from PubLayNet to DSSE,

where there is a shift in label space. SALAD imparts a relative improvement of 31.3% over

fine-tuning of the target network on the small dataset.
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Problem Src. Data Src. Model Lab. Tar. Un. Tar.

Semi Supervised DA (SSDA) [2] Yes Yes Yes Yes
Unsupervised DA (UDA) [50] Yes Yes No Yes
Source-Free DA (SFDA) [97] No Yes No Yes

Active DA (ADA) [142] Yes Yes Yes Yes
Source Free Active DA (SF-ADA) No Yes Yes Yes

Table 3.1: Problem Settings: We highlight various domain adaptation settings. Src. Data, Src. Model,
Lab. Tar., and Un. Tar. refer to abundant labeled source data, Source Model, Scarce Labeled Target Data
and Unlabeled Abundant Target Data, respectively.

3.1 Related work

Active Learning Active Learning (AL) aims to acquire a given small budget of labeled data while

maximizing supervised training performance. Uncertainty-based methods select examples with

the highest uncertainty [145, 146], using entropy [145], minimum classification margins [146],

least confidence, etc. Diversity-based methods choose some points representative of the data, e.g.

core-set selection [138, 147]. Recent approaches combine these two paradigms [136, 137, 148].

Domain Adaptation Domain adaptation aims to transfer the knowledge learned by a source

domain model to an unlabeled target domain. Some of the existing works align feature spaces of

the source and target domains by learning domain invariant feature representations by divergence-

based measure minimization [149, 150], adversarial training [151, 152, 153], source or target

domain data reconstruction [154, 155], image-to-image translation [156, 157] or normalization

statistics [158, 159]. However, domain adaptation methods typically require access to annotated

source data.

Active Domain Adaptation Active domain adaptation aims to adapt a model trained on source

domain data to target domain by annotating a fixed budget of target domain samples. [160]

introduced the task of ADA with applications to sentiment classification for textual data. They

proposed a method employing a sampling strategy based on model uncertainty and a learned
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domain separator. More recently, [142] studied ADA in the context of CNNs and proposed a

method wherein samples are selected based on their uncertainty and targetedness, followed by

adversarial domain adaptation. [59] proposed an algorithm that identifies uncertain and diverse

instances for labeling followed by semi-supervised DA. [161] proposed a three-stage active

adversarial training of neural networks using invariant feature space learning, uncertainty and

diversity-based criteria for sample selection and re-training. [141] addressed the problem of lack

of guarantee of good transfer-ability of features in domain adaptation. However, all of the above

works use source domain data, which is prohibitive in terms of data privacy.

Source-free Domain Adaptation [112] introduced the paradigm of domain adaptation where

source domain data is not available due to privacy issues and only a model pre-trained on the

source domain data is available. Existing works employ generative approaches where the trained

model is used to generate source samples using batch normalization [115] or energy-based

methods [99] for classification task [95, 143, 162]. Others use a combination of distillation-based

approach [163] or information maximization-based approach [144]. However, these methods do

not consider using active learning to boost the performance, and typically do not generalize across

tasks.

3.2 Method

We propose a novel method, SALAD , for the problem statement where we assume (i) a

network, NS , pre-trained (and frozen) on a source-domain, S (the source data is not available

for adaptation) and (ii) an unlabeled target domain T from which we are allowed to annotate B

images. The goal is to mine B images in total TotAL cycles, from the target domain for adapting
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Figure 3.1: We present a generic method, SALAD, for the task of adapting from a pre-trained source
network to a target domain with a small budget for acquiring annotation, under a possible shift in label
space. SALAD consists of two complementary components: Guided Attention Transfer Network (GATN)
and an active learning strategy HAL.

network NS to a target network, NT which learns robust task-specific features for the target

domain. For each cycle, c = 1, 2, ..., T otAL of active learning, the labeled set in target domain is

denoted as IT,L,c and unlabeled set as IT,UL,c. The proposed solution, SALAD, consists of two

components: (i) Guided Attention Transfer Network (GATN) for adaptation from the pre-trained

network (ii) active learning strategy, HAL, for optimized acquisition of samples from the target

domain.

3.2.1 SALAD Description

SALAD consists of two complementary components: an adaptation strategy, Guided Attention

Transfer Network (GATN) and an active learning strategy HAL. GATN combined with HAL

enables domain-specific learning for target network using chosen samples, where relevant domain-

agnostic knowledge is transferred from the pre-trained source network via guided attention.

GATN performs adaptation at the feature level.

The frozen pre-trained network, NS is first split into a frozen feature encoder which generates
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feature maps FP and a frozen task head THP . Similarly, the trainable feature encoder of the

target network, NT is split into target feature map FT and a trainable task head, THT . FP and FT

are passed through the Guided Attention Transfer Network (GATN), which constrains the target

network via a transfer learning loss LTr. The guided attention enables transfer of the domain-

agnostic features from the pre-trained network, and discard domain-specific features. The GATN,

as well as the pre-trained network, NS , can be discarded after training, i.e. they are not required

in the evaluation phase.

The active learning strategy, HAL chooses samples using a combined metric of adaptability

from source network and uncertainty in the target network, indicating the informativeness w.r.t.

the target domain [137].

3.2.2 Guided Attention Transfer Network (GATN)

In this section, we describe the Guided Attention Transfer Network (GATN) in details. The

GATN first transforms FP to FP−tr through a modulation network τ , which is a 4-layer fully

convolutional network. Despite the transformation of the features from the pre-trained network,

not all knowledge contained in FP−tr is useful to the target domain. This is because τ is a CNN

and has no filtering layers. It is important to transfer only domain agnostic features from FP−tr.

This is done by the guided attention networks. The transformed features FP−tr and target network

features FT are then fed to two guided attention modules to compute attention across spatial and

channel dimensions.

The guided attention modules consist of Guided Spatial Attention (GSA) and Guided

Channel Attention (GCA) [45, 164] to compute attention across spatial and channel dimensions
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Figure 3.2: Overview of the computations for guided spatial attention and channel attention
representations.

respectively. FP−tr, along with FT , are passed to spatial guided attention (GSA) and channel

guided attention (GCA) modules. The attention modules compute alignment at the spatial and

channel levels for the modulated source feature map FP−tr and the target network feature map FT .

The target network contains finite domain-specific knowledge through the labeled target subset,

that can be leveraged to guide adaptation. We build a guided attention module to do this, which

builds on the math synonymous to self-attention [93]. We wish to reflect that the notion of guided

attention is built on the idea described in co-attention [165]. Attention literature [45, 164, 166]

describes the attention function as mapping a query and a set of key-value pairs to an output,

where key, query, value, and output are all vectors. We denote FP−tr as the query vectors and,

key and value are assigned to target network feature maps FT .

We incorporate the notion of guided spatial and channel attentions [164] using spatial and

channel level feature vectors [45]. The goal of the Guided Spatial Attention (GSA) module

(which generates attention representations AGSA) is to highlight spatial regions of the transformed

pre-trained network feature map, FP−tr that align well with the target feature map, FT . The goal

of the Guided Channel Attention module (which generates attention representations AGCA) is

to highlight attributes (or channel level features at each spatial location) of transformed source
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network features FP−tr at each spatial location that align well with the target network feature

maps FT . Let the dimensions of the feature maps be C × H ×W . In spatial guided attention,

1x1 convolution layers first transform the key, query, and value feature maps. This is followed

by reshaping these feature maps to the shape C × (H ×W ), which are used to compute attention

weights, AGSA. For channel attention AGCA, reshaped feature maps of dimensions C× (H×W )

are used to compute attention maps without any convolution. Mathematically,

AGSA = S(Cq(F
⊤
P−tr)⊙ Ck(FT ))

⊤ ⊙ Cv(FT ),

AGCA = S(FP−tr ⊙ F⊤
T ))⊤ ⊙ FT . (3.1)

where ⊤, S, and ⊙ denote transpose operation, softmax and matrix multiplication operations,

respectively. Ck, Cq, Cv denote trainable 1 × 1 convolutions followed by reshaping of the key,

query, and value feature maps respectively.

3.2.3 Training Losses

We jointly train GATN (consisting of τ and the guided attention networks), and the target

network, NT with the following loss terms:

• Transfer learning loss LTr: LTr is computed as the attention weighted mean squared

difference between transformed pre-trained feature maps FP−tr and target network feature
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maps FT . Mathematically,

LTr =
∑

AGSA ∗ [FP−tr − FT ]
2+ ∑

AGCA ∗ [FP−tr − FT ]
2. (3.2)

This loss is applied to all target images, labeled as well as unlabeled, and scaled by hyper-

parameters λTr,L and λTr,UL, empirically chosen to 0.1 or 0.01 depending on the task.

Hence, the total loss for labeled and unlabeled images is:

λTr,L

∑
IT,L,c

LTr + λTr,UL

∑
IT,UL,c

LTr

.

• Task-specific loss LTask: To learn target domain-specific information, we compute the task

specific loss for the target domain images, viz. multi-class cross entropy for classification

and semantic segmentation, and focal loss for object detection. This is computed for both

labeled and unlabeled target samples. For unlabeled samples, pseudo label is computed by

thresholding the soft max output of NS . Overall task-specific loss is:

∑
IT,L,c

LTask + λpseudo

∑
IT,UL,c

LTask

.

• Overall Loss: The overall training loss is sum of the transfer and task losses computed

above.
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3.2.4 Active Learning Strategy HAL

The training of GATN and the target network involves a task specific loss on the labeled

subset of the target domain. Hence, the effectiveness of domain adaptation from the pre-trained

network, and learning of domain specific features by the target network depend on the samples

mined by the AL strategy HAL. Thus, it is important to for HAL to annotate samples (i) that

facilitate adaptation from the pre-trained network as well as (ii) encode all aspects of target

domain-specific knowledge.

• Adaptability from the pre-trained network: The prediction confidence of the pre-trained

network, NS , in computing the outputs for target domain samples implies the similarity

of target samples to the source domain. Samples with high similarity facilitate knowledge

transfer from the pre-trained network to the target network. We quantify ‘similarity’ by

defining an ‘adaptability score’. For computing the adaptability score, we threshold the

final softmax output of the pre-trained network, NS , to compute the pseudo label map for

the target samples. The task-specific loss is computed between the output of the pre-trained

network and the pseudo-labels. The gradient score or adaptability score, AG is the total l2

norm of the gradient (without any gradient update - since the network is frozen) of the

network NS wrt the computed loss. Low gradient implies high confidence and hence high

adaptability from NS .

• Uncertainty of the target network: We need to choose target domain samples that provide

the target network with exhaustive information about the domain. Hence it is important to

choose target domain samples that the network is unsure about, which can be quantified
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using the entropy of predictions from the target network. The softmax output of the

target network provides the class-wise probability score map p. This is used to compute

the entropy score AE as −
∑

plogp. High entropy for a target sample indicates high

uncertainty and hence should be selected for labeling.

A combination of the above two measures is maximized greedily to mine the samples for labeling:

HAL = −λG logAG + λE logAE (3.3)

where λG, λE , are binary variables (0/1) that toggle the metrics used for sampling. For the first

batch of AL, we set λG = 1, and λE = 0, as the target network, NT is not trained. For further

epochs, we set λG, λE = 1.

3.2.5 SALAD Training Overview

We train the target network, NT and GATN network together by mining samples from the

target domain dataset in mini-batches using HAL until the desired budget B is achieved. We use

the SGD optimizer with a learning rate of 2.5e− 4, and momentum of 0.9 and weight decay for

0.0005 for the training. The steps in the training routine are as follows:

• Initialize target network, NT with parameters of the pre-trained source network, NS

• For active learning cycles, c in range(0, TotAL):

– Use the AL strategy HAL, the pre-trained network NS and the target network NT to

mine B/TotAL samples from the target dataset, and accumulate labeled target subset

IT,L,c and unlabeled target subset IT,UL,c.
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– Create batches of images combining IT,L,c and IT,UL,c. Optimize overall training loss

for NT and GATN for given number of epochs or till convergence.

– Sample for next active learning cycle using HAL, using the current version of NT and

GATN.

3.3 Experiments and Results

We present results across the classification, detection and segmentation tasks, with standard

evaluation metrics. Under classification settings, SALAD , even without access to annotated

source data, performs similar to or better than (with a variance of 0.5% in accuracy) prior

active domain adaptation methods [137, 142] that use large volume of annotated source data.

Furthermore, we conduct experiments on MNIST under 2 distinct cases of shift in output label

space, and show that SALAD can achieve 99.4% of the accuracy achieved when trained with all

the labels, with only 5% sampling budget. Thus, SALAD can handle shifts in label space. Our

experiments on CityScapes for semantic segmentation at various budgets reveal an improvement

of 5.57% over fine-tuning (i.e. training the model without Ltr). Finally, we conduct experiments

on document layout adaptation from PubLayNet to DSSE where there is a shift in output label

space, SALAD imparts a improvement of 31.3% over fine-tuning (i.e. training the model without

Ltr). We set number of cycles TotAL to be equal to 3 for MNIST, 1000 for SVHN, 50 for

CityScapes.
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Method Source Data B=100 B=200 B=300

Source only accuracy: 62.25

O-ALDA [139] Yes 79.10 81.40 82.70
CDAN [167] + Entropy [142] Yes 93.10 94.60 95.00
CDAN [167] + BvSB [142] Yes 94.20 95.00 95.90

CDAN [167] + Uniform [137] Yes 90.00 94.00 94.50
CDAN [167] + BADGE [136] Yes 92.90 94.90 96.50

SSDA MME [59] Yes 93.00 95.00 95.50
AADA [142] Yes 94.20 95.20 95.50
CLUE [137] Yes 95.50 96.20 96.50

SALAD No 91.64 95.96 97.16

(a) Results on adapting from SVHN to MNIST: With a
budget of 300 images (0.5% of target data MNIST, last column
of table), we show that, even without source data, SALAD
outperforms prior work on active domain adaptation, using
annotated source data. The fully supervised accuracy is
99.2%, we achieve accuracies comparable to fully supervised
accuracies using just 0.5% of the dataset.

Method 1000 2000 4000 10000

Source only accuracy: 27.27

FT+Uniform 68.0 76.2 80.0 84.7
FT+Entropy 68.0 75.1 81.2 87.8

FT+BADGE [136] 70.1 79.2 83.7 88.1
FT+Coreset [138] 70.0 78.8 82.8 88.2
FT+Margin [146] 71.0 78.0 83.2 88.4
FT+CLUE [137] 72.1 76.4 83.0 87.8

SALAD 74.2 82.2 86.6 88.6

(b) Results on adapting from MNIST to
SVHN: We compare with prior methods
on active learning, and demonstrate
state-of-the-art performance. The fully
supervised accuracy is 90.44%, we
achieve accuracies comparable to fully
supervised accuracies using just 1.8% of
the dataset.

Table 3.2: Results on digits classification in the shared label space setting

3.3.1 Image Classification

We present our results on digits classification datasets under two settings: (i) shared label

space, and (ii) shift in label space. In the shared label space setting, the label space that the pre-

trained network was trained on and the label space of the target domains are the same. In the

label space shift space setting, the target dataset contains labels not used for training the source

network. We used ResNet-101 features for the experiment, consistent with the baselines. We set

λTr = 0.01, and λG to 1.0 and λE to 1.0 after first round of sampling. We set λpseudo = 1.0 for

the dataset. We use feature heads from the penultimate layer of the ResNet-101 [168] classifier

backbone.

Shared label-space setting, SVHN to MNIST: Concurrent with our intuition, the accuracy is

better at higher budgets. When benchmarked at a budget of 300 samples, which is 0.5% of the

total samples that MNIST contains, we observe that SALAD , even without any annotated source

data, outperforms prior work on active domain adaptation which use large amounts of annotated
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Method Budget Accuracy

SDDA (WACV 2021) [99] - 75.5
SDDA-P (WACV 2021) [99] - 76.3

SALAD 0.16% 91.64

(a) SVHN to MNIST

Method Budget Accuracy

SDDA (WACV 2021) [99] - 42.2
SDDA-P (WACV 2021) [99] - 43.6

SALAD 0.18% 74.2

(b) MNIST to SVHN

Table 3.3: Comparing SALAD with prior art on SFDA on digits datasets. Budget reflects the
percentage of total number of target samples used for active learning. We demonstrate that our SF-ADA
approach outperforms prior art on SFDA by a large margin using a very small proportion of annotated
target samples.

source data (600000 images). Moreover, we observe that the accuracy of 97.16% with 300 images

is 97.64% of fully supervised accuracy with 60k images.

Comparisons with SFDA methods SALAD outperforms prior art on SFDA by a large margin

using a very small proportion of annotated target samples.

Comparisons with SFDA + AL methods. SALAD outperforms prior work on ADA. Since ADA

(or AL + DA) methods are better than AL + SFDA methods, by transitivity, a holistic solution

for SF-ADA, such as SALAD , is more beneficial than a naive combination of SFDA and AL.

Shared label-space setting, MNIST to SVHN: The complexity of SVHN is higher than that

of MNIST, reflected in the source-only accuracy which stands at 27%. As per the prior work,

we cap the net budget for mining samples via active learning at 10000 images, which is 1.8% of

the total size of the dataset. We demonstrate state-of-the-art performance at varying budget of

1000, 2000, 4000 and 10000 images. Moreover, the accuracy at 10k images is 93.44% of fully

supervised accuracy, which uses around 500k images.

Shift in label space, SVHN to MNIST: We present results on adapting from SVHN to MNIST

under a shift in label space. In case 1, we train the source network on SVHN after removing

samples corresponding to two classes (class 3 and class 9, randomly chosen). Similarly, in case

2, we remove 4 classes from the source dataset. Direct testing reveals that the accuracy for these
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Class/Exp. mean 0 1 2 3 4 5 6 7 8 9

Case 1: Remove the digits ‘3’ and ‘9’ from source SVHN

Source only 56.88 69.20 86.80 79.10 0.00 53.80 95.70 41.00 78.20 63.00 0.00
B=100 88.29 97.80 98.90 94.60 83.80 94.30 96.60 84.90 91.00 93.80 48.20
B=200 96.27 98.50 98.60 98.10 94.30 96.70 97.80 97.90 93.60 92.80 94.40
B=300 96.61 99.10 98.70 98.10 95.00 97.50 97.90 98.00 91.30 95.40 97.10

Case 2: Remove the digits ‘7’, ‘5’, ‘4’, ‘1’ from source SVHN

Source only 41.90 0.00 70.80 65.60 89.60 0.00 0.00 83.00 0.00 66.00 47.60
B=100 87.11 98.80 99.40 93.80 97.30 82.70 49.90 94.20 85.60 66.40 95.40
B=200 92.53 97.60 98.90 94.10 97.40 96.10 60.80 95.90 90.50 94.50 94.60
B=300 97.00 99.20 98.90 97.20 99.10 96.20 95.70 97.50 95.30 94.70 96.30

Table 3.4: Results on adaptation from SVHN to MNIST, for label space shift. We consider two
scenarios: case 1 - source data does not contain digits ‘3’ and ‘9’, case 2 - source data does not contain
digits ‘7’, ‘5’, ‘4’, ‘1’. SALAD , with HAL and GATN, achieves 99.4% and 99.8% of the accuracy in the
scenario with no label shift. The accuracy at a budget of 300 images, without label shift, is 97.16%

GATN Specification AL Specification Budget Acc
λTr,L λTr,UL AG AE

Baseline source-free accuracy: 62.25%

0 0 Yes No 300 88.96
0 0.01 Yes No 300 89.56

0.01 0.01 Yes No 300 92.56
0.01 0.01 Yes Yes 300 97.16

Table 3.5: Ablation Experiments for variations in transfer loss parameters (λTr,L, λTr,UL) and active
learning strategies (AG, AE) from SVHN to MNIST.

classes is 0. Sampling with our AL strategy and gradually training with GATN gradually up to a

budget of 300 images (again, 0.5% of target samples) restores accuracy to 96.61% and 97.00%,

respectively, which is 99.4% and 99.8% of the accuracy achieved in the scenario with no label

shift. The term AE in HAL ensures class balance, i.e., samples corresponding to classes not learnt

by the pre-trained network are selected, along with classes with high prediction uncertainty. Thus,

our method works well when there is a shift in label space.

Ablation experiments on HAL and GATN. We present ablation experiments on adaptation from

SVHN to MNIST. We set the net active learning budget at 300 images. Since the network

has no prior knowledge about the target domain, the uncertainty metric can be applied only
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from the second round of active sampling. In the first round of active sampling, we apply

only the adaptability metric. In the first experiment, we study the impact of training the target

network, without GATN, with all samples mined using just the adaptability score, the accuracy

is 88.96%. This proves that even in the absence of adaptation from the pre-trained network,

samples mined using the pre-trained networks’ confidence score is advantageous since the target

network is initialized with the weights of the pre-trained network. Next, we apply the distillation

loss dictated by GATN only on the labeled subset and correspondingly set LL,Tr = 0.01. We

observe that knowledge transfer, in addition to sampling using the adaptability score improves

performance by 0.6% points. This reinforces the quality of samples mined by the pre-trained

network. Next, we apply the distillation loss to the unlabeled subset as well (LTr,UL), which leads

to an absolute improvement of 3%. This is an indicator of selective distillation capabilities of

GATN, where only useful features are distilled to improve performance. Finally, we experiment

by using the uncertainty score, as well as the diversity score, to achieve an accuracy of 97.16%,

an improvement of 34.91% points over the baseline and an improvement of 5.6% points over

Experiment 3. Hence, the best adaptation using GATN is obtained when samples are mined

intelligently (Experiment 4).

Ablation experiment on the modulation network τ . The accuracy on MNIST to SVHN, with

300 images, without the modulation network is 94.15% while the accuracy with the modulation

network is 97.16%.
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Source only 34.91 77.84 70.14 21.6 76.27 18.8 16.27 21.31 27.85 15.40 77.67 31.29 74.83 49.47 3.60 79.45 28.71 31.39 4.70 12.43 2.10
TENT [169] (Source-free) 38.9 - 87.3 39.0 79.8 24.3 19.6 21.2 25.1 16.6 83.8 34.7 77.7 57.9 17.8 85.0 24.9 20.8 2.0 16.6 4.5
S4T [170] (Source-free) 43.98 - 88.2 44.2 84.4 28.9 27.6 38.6 41.5 8.4 86.3 41.0 79.2 58.7 25.3 85.4 20.1 26.4 6.3 10.8 8.4

B=50 45.93 89.22 92.09 52.57 83.43 23.72 18.37 33.33 35.90 44.01 84.24 39.23 85.82 55.39 20.16 84.02 38.57 37.77 2.72 16.09 25.26
B=100 50.98 90.33 93.6 57.79 84.16 23.4 21.98 36.07 38.12 45.8 85.39 41.33 86.34 57.67 30.41 86.1 43.81 45.02 26.02 19.15 46.48
B=200 53.34 91.18 94.82 63.83 85.29 29.01 27.85 36.84 39.84 47.53 86.33 42.16 88.4 60.16 31.85 86.88 48.64 48.45 26.29 20.46 48.91
B=500 56.59 92.09 95.59 68.77 86.41 33.08 34.88 39.49 42.54 52.44 87.30 48.17 89.73 62.96 33.91 88.18 53.67 52.41 29.08 23.46 53.15

Table 3.6: GTA5 to CityScapes Adaptation: We show that SALAD imparts a relative improvement of
31.5%, 46.03%, 52.5% and 62.1% over the baseline source model with budgets of 50, 100, 200, and 500
images, with 3×−25× improvement on specific classes like “Bike”, “Train”, “MBike”, “Sidewalk”, etc.

3.3.2 Autonomous Driving: Synthetic to Real Segmentation on CityScapes

We conduct experiments on a dense pixel-level task, segmentation, where we adapt from

GTA5 (25000 images) to CityScapes. To effectively transfer from GTA5 and address uncertainty

of the target network while sampling, we set λG = λE = 1 from the second round of sampling.

We set λTr = 0.01. We use feature heads from the layer 3 of the underlying DeepLabv2 ResNet-

101 backbone [101]. We present the experiments in the table. In the first row, we directly test

the pre-trained GTA5 model, which gives an mIoU of 34.91. We next apply HAL for batch active

learning, and train the network using GATN after each round of sampling. A cumulative budget

of 50 images, 100 images, 200 images, and 500 images leads to relative improvements (over the

source only mIoU) of 31.5%, 46.03%, 52.5% and 62.1% respectively. Classes like ‘Sidewalk’,

‘Wall’, ‘Fence’, ‘Pole’, ‘Sign’, ‘Rider’, ‘Train’, ‘MBike’, ‘Bike’ have very low mIoU (∼ 20%

or less) when directly transferred from the source model. We show that SALAD improves

performance by 3× to 25×. Class-wise comparisons with prior art on SFDA reveal that our

AL heuristic HAL strategically chooses classes like Bike and MBike with low confidence or high

uncertainty to boost performance, while not compromising on performance w.r.t. transferable

classes like road and sky.

Comparisons with SFDA methods: SALAD performs better with a budget of only 50 images
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Method mIoU

UBNA [171] (WACVW 2022) 36.1
UBNA+ [171] (WACVW 2022) 36.5

TENT [169] (ICLR 2021) 38.86
TENT + MS [169] (ICLR 2021) 36.89

SFDA (w/o IPSM) [163] (CVPR 2021) 41.35
SFDA [163] (CVPR 2021) 43.16
URMA [172] (CVPR 2021) 45.1

S4T [170] (ArXiv 2021) 43.98
S4T + MS [170] (ArXiv 2021) 44.83

SALAD 45.93

Table 3.7: Comparisons with the state-of-the-art SFDA approaches for adaptation from GTA to
CityScapes. We show that SALAD achieves state-of-the-art mIoU with a small budget of 50 images, the
mIoU obtained by naive finetuning [2] on 50 images is 39.5.

Budget B (λTr,L, λTr,UL)
(0.1,0) (0.1,0.1)

50 44.62 45.93
100 48.72 50.98
200 50.49 53.34
500 53.46 56.59

(a)

GSA GCA mIoU

No No 39.50
Yes No 45.43
No Yes 45.45
Yes Yes 45.93

(b)

HAL mIoU

AG 50.29
AG + AE 56.59

(c)

Table 3.8: Ablation experiments for adaptation from GTA5 to CityScapes. In table (a), we study
ablations on transfer loss for GATN, Table (b) shows ablations on GATN components at a budget of 50
images. In table (c), we ablate on the active learning heuristic, HAL at a budget of 500 images.

(1.5%).

Ablation experiments We present ablation experiments. We study the effectiveness of GATN

at various budgets. In the second column, we apply LTr to only the labeled subset, along with

active learning using HAL. The third column reflects mIoUs obtained by using our complete

model, through training on labeled as well as unlabeled subsets along with active learning using

HAL. A comparison of the second and third columns indicates the benefits of selective transfer

learning using GATN. Moreover, our model results in improvements of 16.27%, 16.92%, 13.24%
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FT w/o SALAD 23.11 36.12 13.49 25.60 22.24 29.57 11.64
FT w. SALAD 30.36 44.59 11.61 35.57 24.80 37.48 28.18

Table 3.9: Adaptation for document layout detection from PubLayNet to DSSE: Fine-tuning with
SALAD improves performance by 31.3% over fine-tuning without SALAD.
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and 5.57% over the baseline numbers [2] obtained by naively fine-tuning the target network (with

pre-trained weights initialization) without GATN, and by random sampling [2], at budgets of 50

images, 100 images, 200 images, and 500 images respectively. We also study the effectiveness

of the different components of GATN, at a budget of 50 images. In the first experiment, we do

not use either GCA or GSA [2]. Without GATN, our system will reduce to simple fine-tuning

of the target network with the annotated target samples. GATN forms a bridge between the pre-

trained network and the target network, and removing it would break the adaptation process. In

the subsequent experiments, we show the impact of using channel and spatial features. We also

demonstrate the effectiveness of using the fusion AL heuristic comprising of the adaptability

score w.r.t. the pre-trained network as well as the uncertainty score w.r.t. the target network, as

opposed to using just the adaptability score.

3.3.3 Document Layout Detection: DSSE

We adapt from the medical documents dataset PubLayNet to documents belonging to

DSSE, a dataset containing magazines, receipts and posters. The documents in the two domains

are quite different. Medical documents are written in a two-column format, with uniform text,

figures and tables. In contrast, the target domain, DSSE, a new unseen dataset, is small (only

150 documents) and is extremely diverse. Moreover, PubLayNet has 5 classes, while DSSE has

6 classes. Hence, there is a shift in label space. Direct testing of PubLayNet on DSSE results in a

mAP of 15.67. Since the dataset is very small, we do not apply HAL, and instead directly use all

150 images for GATN. We use feature heads from the FPN of the underlying RetinaNet ResNet-

101 backbone [173]. Fine-tuning without SALAD results in a mAP of 23.11, and fine-tuning
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with SALAD improves performance by 31.3%, to 30.36.

3.4 Conclusions, Limitations and Future Work

We propose a generic source-free method, SALAD, for the task of adapting from a pretrained

network to target domain, under a possible shift in label space, with the provision to annotate a

small budget of samples in the target domain. SALAD consists of two complementary components:

an active learning strategy HAL, and GATN for effective adaptation and sampling. We evaluate

the performance across 3 tasks and show improved or on par performance with methods using

source data. One drawback of our method is that we use binary weights for the scores in HAL,

using learnable weights could be an interesting direction for future work. Moreover, we expect

that SALAD can be extended to tasks and modalities where traditional domain adaptation has

been useful. These include text classification, neural machine translation, sentiment analysis,

cross lingual question answering, and domain stylization.
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Part III

Learning from Little Supervised Data: Aerial Video Action Recognition
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In the preceding section, we delved into autonomous driving; however, capturing data for

autonomous aerial vehicles (AAVs) poses significant challenges. Despite limited supervised data

availability, we investigate the feasibility of learning representations for AAVs. Specifically, we

focus on the critical problem of aerial video action recognition.

This section comprises of two chapters. In the Chapter 4, we present an algorithm, Fourier

Activity Recognition (FAR), for UAV video activity recognition. Our formulation uses a novel

Fourier object disentanglement method to innately separate out the human agent (which is typically

small) from the background. Our disentanglement technique operates in the frequency domain to

characterize the extent of temporal change of spatial pixels, and exploits convolution-multiplication

properties of Fourier transform to map this representation to the corresponding object-background

entangled features obtained from the network. To encapsulate contextual information and long-

range space-time dependencies, we present a novel Fourier Attention algorithm, which emulates

the benefits of self-attention by modeling the weighted outer product in the frequency domain.

Our Fourier attention formulation uses much fewer computations than self-attention. We have

evaluated our approach on multiple UAV datasets including UAV Human RGB, UAV Human

Night, Drone Action, and NEC Drone. We demonstrate a relative improvement of 8.02% -

38.69% in top-1 accuracy and up to 3 times faster over prior works.

In the Chapter 5, we present a learning algorithm, DifFAR, for human activity recognition

in videos. Our approach is designed for UAV videos, which are mainly acquired from obliquely

placed dynamic cameras that contain a human actor along with background motion. Typically,

the human actors occupy less than one-tenth of the spatial resolution. DifFAR simultaneously

harnesses the benefits of frequency domain representations, a classical analysis tool in signal

processing, and data driven neural networks. We build a differentiable static-dynamic frequency
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mask prior to model the salient static and dynamic pixels in the video, crucial for the underlying

task of action recognition. We use this differentiable mask prior to enable the neural network

to intrinsically learn disentangled feature representations via an identity loss function. Our

formulation empowers the network to inherently compute disentangled salient features within

its layers. Further, we propose a cost-function encapsulating temporal relevance and spatial

content to sample the most important frame within uniformly spaced video segments. We conduct

extensive experiments on the UAV Human dataset and the NEC Drone dataset and demonstrate

relative improvements of 5.72% − 13.00% over the state-of-the-art and 14.28% − 38.05% over

the corresponding baseline model.
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Chapter 4: FAR: Fourier Aerial Video Recognition

Deep learning techniques have been widely used for activity recognition [7, 24, 174].

Video analysis of scenes captured using UAV cameras [22, 23] is much harder than activity

recognition in ground-camera datasets [24, 25]. In these UAV videos, the object of interest,

i.e. the human actor (any individual appearing in the video performing scripted or non-scripted

actions), is typically much smaller in terms of number of pixels or the area than the corresponding

background, and thus provides less knowledge than a front view capture. Moreover, it is harder

to capture and label UAV videos. Overall, there are fewer and smaller labeled datasets of aerial

videos, as compared to ground videos. For instance, ground-camera datasets like Kinetics-

400 [24] contain 306, 245 videos while the recent UAV-Human [22] database has 22, 476 videos.

Given that the size of the human actor in UAV videos is much smaller than the corresponding

background, a neural network trained on these datasets may learn to infer more from the background [175]

than the human actor. While both background and context are important [176], the network must

learn to first identify the human actor and the corresponding action, and then deduce relations

of the human actor with the surroundings in a judicious manner. In the absence of annotated

detection boxes that can demarcate the human actor, the network needs to be able to differentiate

the moving human actor from the background in an intrinsic manner. One approach is to detect

the object of interest via object detection [177]. However, action recognition models that heavily
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rely on localization of the human actor require near to perfect object detection accuracy [178].

While it is practically not feasible to annotate all datasets for object detection, object detectors

trained on ground camera datasets will not generalize well UAV videos due to domain gap

issues [179, 180, 181]. Domain adaptation solutions do not lead to perfect generalization yet.

On the other hand, traditional optical flow [182] techniques require hundreds of optimization

iterations each frame, and split the network into RGB and motion streams which increases

computation and model parameters [183]. Low computation alternatives such as deep learning

based optical flow [184, 185, 186], motion feature networks [187] and ActionFlowNet [188]

are inferior in performance compared to optical flow. Techniques such as background subtraction

[189] and motion segmentation [190] are not very promising either [191, 192]. Thus, the network

needs to learn to automatically disentangle [193, 194] object feature representations from the

corresponding entangled state containing both the object and background information.

In addition to object-background separation, it is important for the network to acquire

knowledge [174] about the context, relationships between the object, and background and intra-

pixels correspondences as well. Self-attention [93, 166] can model this information by capturing

long-range dependencies within an image/ video. Prior work on attention based video activity

recognition [174, 195, 196] has seen two classes of self attention networks by either directly

applying self-attention on convolutional layers or using self-attention as the building block.

Mathematically, the core step in the computation of self-attention is matrix multiplication, which

makes it computationally expensive.
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4.0.1 Main contributions

We present a novel method, FAR , for UAV video action recognition. The design of FAR

in the frequency domain is motivated by the fact that frequency spectrums contain knowledge

about a signals’ characteristics that are not easily interpretable in the time domain. Our novel

components include:

• We propose a novel Fourier Object Disentanglement method (FO) to bestow the network

with the ability to intrinsically recognize the moving human actor from the background.

FO operates in the frequency domain dictated by the spectrum of the Fourier transform

corresponding to the temporal dimensions of the video. It characterizes the motion of the

human actor based on the magnitude and rate of temporal change of feature maps that

encode information about the spatial pixels of the video. The amplitudes at each spatial-

temporal location of the feature maps are innately representative of dynamic salient, static

salient, dynamic non-salient and static non-salient regions, in the same order of relevance.

This also empowers the network to handle videos with moving background pixels and

dynamic cameras.

• We present Fourier Attention (FA) to encapsulate context and long range space-time dependencies

within a video. Fourier attention works in the frequency domain corresponding to the

space-time dimensions of the video, and emulates the benefits of self-attention. The time

complexity of FA is O(n2logn) as opposed to O(n3) for traditional self-attention, and the

accuracy of Fourier-attention approximates that of self-attention.

Moreover, such a representation promotes global mixing. FAR has multiple benefits. (i) It
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elegantly exploits the mathematical properties of Fourier transform to achieve the desired objectives

of object background separation and context encoding by performing fewer computations than

traditional methods. (ii) It is parameter-less, i.e., it does not have any learnable layers/ parameters.

(iii) FAR can be embedded within any 3D action recognition network such as I3D [7, 24] to

achieve state-of-the-art performance. (iv) FAR converges faster than the corresponding 3D action

recognition backbone.

We experimentally demonstrate that FAR outperforms prior work by 8.02% − 38.69%

performance across multiple UAV datasets including UAV Human RGB [22], UAV Human Night [22],

Drone Action [23], and NEC Drone [197]. We compare with the state-of-the-art Fourier method,

efficient attention method and self-attention based transformer methods and demonstrate accuracy,

computation and memory benefits.

4.1 Related Work

Action Recognition: Action recognition is a well studied topic in computer vision. The emergence

of large-scale ground-camera videos datasets [24, 25, 198] has led to development of deep learning

techniques for action recognition. We refer the reader to [199] for a survey on action recognition.

Broadly speaking, three classes of network architectures have been proposed for action recognition.

The first [200, 201, 202, 203, 204] builds on the two-stream theory in cognition to model space

and time separately. The second [7, 24, 174, 205, 206, 207] models space and time jointly via 3D

CNNs. The third class includes transformer-based architectures [174, 208, 209, 210, 211]. These

transformer-based solutions are built on self-attention [93, 166] and have high computational

complexity. In the interest of optimizing GPU memory, frame sampling strategies [212, 213,
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214, 215] for video action recognition have been proposed. The above solutions are focused on

challenges pertaining to action recognition in ground-camera videos. However, UAV video action

recognition is much more difficult.

UAV Action Recognition: UAV video databases [22, 23, 197, 216] have been used to develop

solutions [217, 218, 219, 220] for UAV action recognition. However, these solutions are directly

based off techniques designed for ground-camera datasets [24, 198], where the size of the object

is comparable to the background. Moreover, for ground camera videos, an auxilliary guidance

factor based on object detection [177] is a viable option. However, these assumptions do not

hold true in UAV videos [221, 222]. FFT and Deep Learning FFT has been immensely used in

traditional image [223, 224] and video processing [225, 226] applications. Fast Fourier Transform

(FFT) has been recently used in deep learning methods. One of its first applications was to

accelerate convolution operations [227]. Incorporating FFT between NN layers [228, 229, 230]

instead of CNNs to transform the feature space to the frequency domain, and aid global mixing

of knowledge, has been used to improve accuracy for image classification, detection and ground-

camera action recognition. An interesting application of FFT includes image stylization [231]

as a guiding factor for domain adaptation. Most recently, FFT was used to naively replace self-

attention layers [166] for NLP applications.

Efficient attention Methods to improve memory efficiency of transformers include modifications

in matrix multiplication [232], low rank approximations [233], kernel modifications [234] for

linear time complexity [235, 236, 237, 238]. While most of these solutions are focused on

NLP and image-based computer vision tasks, EA [232] demonstrates results on temporal action

localization and STAR [239] performs skeleton action recognition. The former can be regarded

as a localization task w.r.t. the temporal dimension while the latter uses pose information making

86



Figure 4.1: Fourier Object Disentanglement (FO) and Space-Time Fourier Attention (FA): FO
empowers the network to intrinsically separate out the moving human agent from the background, without
the need for any annotated object detection bounding boxes. This enables our network to explicitly
focus on the low resolution human agent performing action, and not just learn from background cues.
FO inherently characterizes salient and non-salient, and static and dynamic regions of the scene via the
amplitudes of the feature maps it computes. FA elegantly exploits the mathematical properties of the
Fourier transform to imbibe the properties of self-attention and capture contextual knowledge and long-
range space-time dependencies at a much lower computational complexity.

the task of classification easier. None of these solutions are customized to UAV action recognition

which brings forth different challenges.

4.2 Method

In this section, we describe our approach. We design two novel methods to decipher

the human actor performing action, and encode context. Fourier Object Disentanglement (FO)

disentangles the object from the background in an automatic manner. Fourier Space-Time Attention

(FA) imbibes the properties of self-attention to capture long range space-time relationships at a

lower computational cost. These modules can be embedded within any state-of-the-art 3D video

recognition backbone such as I3D [24] or X3D [7] for improved action recognition. We now

describe the methods in detail.
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4.2.1 Fourier Object Disentanglement

We present a Fourier Object Disentanglement (FO) method to automatically separate the

human actor from the background. Movement of the human actor in the scene can be characterised

by temporal change of feature maps encoding spatial pixels (across space dimensions H ×W ) in

the video frames. The rate and magnitude of change of a signal can be quantified by amplitude

of a signal at different frequencies. Thus, to identify the movement, we first transform the feature

maps to a temporal frequency space. We perform this computation using 1D Fourier transform

along the temporal dimension. Specifically, let f(c, t, h, w) ∈ C × T ′ × H ′ × W ′ denote the

feature maps on which FO is applied, where C is the number of channels and T ′ and (H ′ ×W ′)

denote the temporal and spatial dimensions of the feature maps, respectively. The amplitude of

the temporal Fourier transform at the frequency −2πk/N is:

FT (f)(k) =
n=T ′∑
n=0

f(c, t, h, w)× e−2πkn/N , (4.1)

which can be computed efficiently using the FFT algorithm [240]. FT (f)(k) mathematically

represents the amplitude of the temporal signal at every spatial and channel location of the feature

map f , at various frequencies. Intuitively, high frequency in the temporal dimension corresponds

to the movement, and low frequency represents static regions of the scene. Therefore, regions

corresponding to the moving human actor should have higher amplitude of Fourier transform at

high frequencies. To infer the presence of the moving human actor at various spatial locations,

we encapsulate the relationships between amplitudes and frequencies by multiplying the L2-

norm-square of the amplitude at each frequency with the L2-norm-square of the frequency itself.
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L2-norm ensures that frequencies and amplitudes are positive. L2-norm-square amplifies high

amplitudes of the Fourier transform of the signal at high frequencies and suppress low amplitudes

at low frequencies for disentangling dynamic regions of the scene. The frequencies, in order,

are:frk = [e−2πk/N ], k = 1....T ′.

Note that the frequencies are independent of the input video. Thus, the dynamic mask

MFO can be represented as

MFO = ∥FT (f)(k)∥22 × ∥frk∥22, (4.2)

where |a|22 is L2 norm-square of a vector |a|. MFO disentangles (or amplifies) parts of the scene

corresponding to moving pixels. This may include moving background (and camera motion) in

addition to moving human actor. Our next task is to use MFO to demarcate moving object pixels

from moving background pixels.

To further separate out only the moving actor, we capitalize on the activation maps f

computed by the model. While not perfect, the activations at salient regions of the scene are

higher than those at the non-salient regions. Hence, the final object disentangled representations

can be represented as a dot product of MFO and network features f , which amplifies dynamic,

salient regions of the scene. Mathematically,

FFO = f ⊙MFO. (4.3)

According to this formulation, dynamic salient regions are amplified the most, and static non-

salient regions are heavily suppressed. The amplitude at static salient regions and dynamic non-
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salient regions is lower than the amplitude at dynamic salient regions. Due to the l2 operation

in the computation of MFO and linear application of f , static salient regions have a higher

amplitude than the dynamic non-salient regions. Thus, the ordering of amplitudes that is formed

as: dynamic-salient > static-salient > dynamic-non-salient > static-non-salient, in concordance

with the relevance for decision making for action recognition. Thus, static as well as dynamic

background regions have lower amplitudes than static and dynamic regions of the object executing

action.

Time complexity: The time complexity of FO depends on the time complexity of 1D FFT,

which is nlog(n), for an n-element input vector. Consider the classical case [168] where the

temporal and spatial dimensions at the mid level feature representations is half and one-fourth

of the number of frames sampled and spatial dimensions of the image respectively. The number

of FFTs that need to be computed is C × (H/8) × (W/8) where C,H,W correspond to the

number of channels at the mid-level, and spatial dimensions of the image. Therefore, the total

time complexity is C × (H/8)× (W/8)× (T/2)log(T/2).

4.2.2 Space-Time Fourier Attention

Consider a scene that depicts a human actor swimming in a swimming pool. Here, it is

important to decipher the relationship between the human actor and the pool. While explicit

modeling of correspondences between different pixels illustrating pose, orientation, and joint

movements may not be necessary, it is crucial for the neural network to inherently capture this

knowledge. Space-time self-attention for video action recognition [174, 195, 196] is capable for

extracting this knowledge, but comes at the cost for expensive matrix multiplications.
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We propose Fourier Space-Time Attention (FA) for acquiring knowledge about the long-

range space-time relations within a video. Fourier attention approximates self-attention in an

elegant fashion at a reduced computational cost. To understand the mechanics of Fourier attention,

we first succinctly present self-attention [93]. The inputs to self-attention are key, query and value

vectors which are representations obtained by 1 × 1 convolutions using a common input feature

map. Vaswani et al. [166] describe the computation of self-attention as “ a weighted sum of the

values, where the weight (or sub-attention) assigned to each value is computed by a compatibility

function of the query with the corresponding key.” Key, query and value are 1 × 1 convolution

layers transforming the input feature maps. Mathematically, with x representing the input feature

maps, and ⊙ denoting matrix multiplication,

Attention = Value(x)⊙ [Query(x)T ⊙Key(x)]T (4.4)

Our space-time Fourier attention method proceeds as follows. The first step is to obtain a

representation equivalent to the key-query computation, termed Fourier sub-attention. Fouurier

sub-attention is motivated by autocorrelaton, which is the correlation coefficient between different

parts of the same signal. We define Fourier sub-attention as the element-wise product of the

Fourier transform of feature maps with the conjugate transpose of the Fourier transform of these

feature maps. To compute this space-time Fourier sub-attention, we reshape the video feature

maps f to a 3D representation C × T ′ × (HW ), which are transformed to the frequency domain

via 2D Fourier transform along the space and time axes as follows:

FST (f)(m,n) =
∑
h,w

f(c, t, h, w)e−2πmh/Me−2πnw/N . (4.5)
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computed efficiently using the FFT algorithm [240]. FFT is a representation of the signal as

a whole at a wide spectrum of frequencies, and enables inherent and exhaustive global mixing

between various spatial and temporal regions of the video. The space-time Fourier sub-attention

AST in the Fourier domain is simply the element wise multiplication between FST and its

complex conjugate FST
∗:

AST = FST ×FST
∗ (4.6)

Next, we compute the inverse FFT (IF) of AST to obtain the correlations in the time domain,

and reshape to C × T ′ ×H ′ ×W ′. These sub-attention “weights” are then used in a dot product

(or element wise multiplication) with the input feature maps f to compute the final space-time

Fourier attention maps fFA. A scaling factor λFA, chosen empirically to be 0.01, scales these

Fourier attention maps, which are then sum-fused with the input feature maps. Mathematically,

fFA = F + λFA × IF(AST ), (4.7)

Time complexity: Traditional self-attention [166] requires the model to perform two matrix

multiplications. In the first matrix multiplication of self attention, we multiply the query matrix

(THW ×C) with the key matrix (C×THW ). The time complexity is O(C×THW ×THW ).

In the second matrix multiplication, we multiply the value matrix (C×HWT ) with the attention

matrix (HWT ×HWT ). The complexity of this stage is O(C ×HWT ×HWT ). Hence, the

overall time complexity of space-time self-attention [174] is O(HWT ×HWT × C).

In contrast, our Fourier attention solves the problem via one 2D FFT and one 2D iFFT. 2D

FFT is computed on a matrix of dimensions HW × T . The number of 2D FFTs that need
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to be computed is equal to the number of channels (C). Hence, the complexity is O(C ×

HWTlog(HWT )). The complexity of 2D FFT and 2D iFFT are the same. Therefore, the overall

time complexity of Fourier attention is O(C × HWTog(HWT )). Clearly, Fourier attention is

much more efficient than self attention. In terms of accuracy, space-time Fourier attention is

comparable to space-time self-attention [174].

4.2.3 Mathematical Analysis

Lemma: Given an input matrix A, Fourier attention as well self-attention [166, 174] encapsulate

long-range relationships for global mixing by computing outer products.

Proof: Without loss of generality, let [aij] denote the elements of a square matrix A (with

dimensions N ) in 2D. f , g, h represent 1× 1 convolutions for key, query, value computations in

self-attention. The self-attention matrix Smn is:

Smn =
N∑
l=1

haml

N∑
k=1

[galk × fakn] (4.8)

Fourier attention Fmn can be expanded using the above equations. f , g, h are 1× 1 convolutions,

and that the exponential terms span the entire spectrum of frequencies lets us define f , g, h for

Fourier attention. Thus, the equation for Fourier attention can be simplified as:

Fmn =
N∑
b=1

N∑
c=1

hmn(b, c)amn × {
N∑
j=1

N∑
i=1

fmn(b, c)aij × gmn(b, c)aij}

In self-attention, f,g,h are learnable. In contrast, in Fourier attention, f,g,h are pre-defined by

the Fourier spectrum. Nonetheless, they exhaustively cover the Fourier spectrum. Moreover, the
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terms involved and the structure of computations (multiplications followed by summation) in the

equations are similar, both promote global mixing and encapsulate long-range relationships.

4.3 FAR: Activity Recognition in UAVs

We present FAR, a network for video action recognition in UAVs. FAR samples 8-16

frames from the input video by using randomly initialized uniform sampling, described in Section

4.3.1. These frames are passed through the first few layers of the 3D backbone network (or

encoder) to generate feature maps f . These features contain entangled object and background

information along the space-time dimensions. The choice of this intermediate layer in the backbone

network that extracts feature maps f is a careful trade-off between the spatial-temporal resolutions

needed for FAR to work well and the amount of knowledge contained in the networks’ layers.

We describe this choice in detail in this section, as well as present ablation experiments to justify

our choice.

The Fourier Object Disentanglement module, and the Fourier Space-Time Attention module

act on f , in parallel, to generate fFO and fFA, respectively. fFO and fFA are sum fused and passed

through the remaining layers of the neural network to generate the final action classification

probability distribution, used in a multi-class cross entropy loss term with the ground-truth label

for back-propagation.

Incorporating FO within the 3D backbone: Typically, to encapsulate temporal movement at

each spatial location, we need to ensure that the spatial temporal dimensions of the feature map

is not too small. Thus, it is useful to perform this operation using mid-level features (output from

the middle layer of the network) that strike a fine balance between generic features that capture
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context, and focused high level features (at output layer).

Incorporating FA within the 3D backbone: After FO, the network does not contain any background

signal. Hence, Fourier attention needs to be applied either before FO or in parallel with FO.

FO is applied on mid-level features. Applying FA at a high level is not very effective because

the extracted features do not have sufficient information. Hence we apply FA on the mid-level

features as well, in parallel with the Fourier object disentanglement module.

4.3.1 Randomly Initialized Uniform Sampling

It is computationally expensive to use all the frames in a video. In traditional uniform

sampling, T frames are sampled at uniform intervals. The standard way of uniform sampling

under-utilizes [213, 214] the knowledge that can be gained from the original video, which adds

to the pre-existing issue of limited data. We use a variation of uniform sampling to improve the

variance of the network and hence boost accuracy. First, we compute the step size as the ratio

of total number of frames in the video and number of frames that we desire to sample. Next, we

generate a random number between 0 and step size, and correspondingly designate the first frame

to be sampled. This is followed by uniformly sampling video frames at step size intervals from

the designated first frame.

4.4 Experiments and Results

4.4.1 Datasets

In this section, we briefly describe the UAV datasets used for evaluating FAR. UAV Human

RGB [22] is the largest UAV-based human behavior understanding dataset. Split 1 contains
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15172 and 5556 images for training and testing respectively captured under various adversities

including illumination, time of day, weathers, etc. UAV Human Night Camera [22] contains

videos similar to UAV Human RGB captured using a night-vision camera. The night vision

camera captures videos in color mode in the daytime, and grey-scale mode in the nighttime.

Drone Action [23] is an outdoor drone video dataset captured using a free flying drone. It has

240 HD RGB videos across 13 human actions. NEC Drone [197] is an indoor UAV video dataset

with 16 human actions, performed by human subjects in an unconstrained manner.

4.4.2 Implementation Details

Backbone network architecture: We benchmark our models using two state-of-the-art video

recognition backbone architectures (i) I3D [24] (CVPR 2017) (ii) X3D-M [7] (CVPR 2020). For

both X3D and I3D, we extract mid-level features after the second layer.

Training details: Our models were trained using NVIDIA GeForce 1080 Ti GPUs, and NVIDIA

RTX A5000 GPUs. Initial learning rates were {0.01, and 0.001} across datasets. We use the

Stochastic Gradient Descent (SGD) optimizer with weight decay of 0.0005 and momentum of

0.9, and cosine/ poly annealing for learning rate decay. The final softmax predictions of all our

models were constrained using multi-class cross entropy loss.

Evaluation: We report top-1 and top-5 accuracies.
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Table 4.1: Results on UAV Human RGB. Table (a): FAR can be embedded within any 3D
action recognition backbone to achieve state-of-the-art performance. Pretraining with Kinetics boosts
performance, and large input sizes work better since FA and FO are designed to capture global, as well
as local knowledge. FAR imparts improvements of 2.20%-38.69% over 3D action recognition backbones
across training configurations. Table (b) - Ablation experiments: We demonstrate that each component
of FAR imparts substantial improvement in top-1 accuracy by upto 8%.

Backbone FAR Frames Input Size Init. Top-1 Top-5

(i) I3D No 8 540× 960 Kinetics 21.06 40.81
(ii) I3D Yes 8 540× 960 Kinetics 29.21 50.27

(iii) X3D-M No 16 224× 224 None 27.0 44.2
(iv) X3D-M Yes 16 224× 224 None 27.6 44.1

(v) X3D-M No 16 224× 224 Kinetics 30.6 50.3
(vi) X3D-M Yes 16 224× 224 Kinetics 31.9 50.3

(vii) X3D-M No 8 540× 540 Kinetics 36.6 57.1
(viii) X3D-M Yes 8 540× 540 Kinetics 38.6 59.2

(a)

FO FA Sampling Top-1

No No No 21.06
Yes No No 25.89
No Yes No 24.15
Yes Yes No 27.00
Yes Yes Yes 29.21

(b)

4.4.3 Main Results: UAV Human RGB

4.4.3.1 Benchmarking FAR

FAR can be embedded within any 3D action recognition backbone to achieve state-of-the-

art performance. We show results on UAVHuman RGB at different frame rates, input sizes,

backbone network architectures and pre-trained weights initialization. In experiment (i) and

(ii), we use the I3D backbone, and initialize the network with pretrained Kinetics weights.

Spatially, we downsample the input video by a factor of 2, and sample 8 frames per video. This

configuration gives the network full access to the spatial portions of the video at every stage of

training and testing. FAR imparts a relative improvement of 38.69% and 23.18% in top-1 and

top-5 accuracy, respectively.

In the subsequent experiments, we use X3D-M, as the backbone. Many vision-based

methods crop the original video into small patches of resolution 224 × 224. We explore this

in experiments (iii)-(vi) under two settings: without initializing with Kinetics pretrained weights,

and by initializing with Kinetics pretrained weights. Concurrent with our intuition, initializing
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Drink Before FO After FO Dig a hole Before FO After FO Shake hand Before FO After FO

Left turn Before FO After FO Punch Before FO After FO Rmv. coat Before FO After FO

Figure 4.2: Qualitative results on UAV Human RGB. We show the effect of our Fourier Object
Disentanglement (FO) method. In each sample, the images, in order, correspond to a frame from the
video, feature representation before disentanglement and the feature representation after disentanglement
respectively. Notice the effectiveness of FO in scenes with light noise (Row 1 Image 2, Row 2 Image
3), dim light (Row 1 Image 2), dynamic camera and dynamic background (Row 1 Image 1). Regions of
the scene corresponding to moving human actor (or salient dynamic) are amplified most (solid yellow).
Static background is completely suppressed (solid purple). Static salient regions are slightly amplified
(e.g. lower body of human actor in Row 2 Image 3 - yellow), and dynamic backgrounds are suppressed to
a great extent (pale yellow in Row 1 Image 1). We show more results in the supplementary material.

Figure 4.3: FAR converges much faster than the state-of-the-art action recognition method X3D-M
[7]. In the left curve, we show the top-1 train accuracy as a function of the networks’ training iterations.
In the right figure, we plot the training loss curve. We demonstrate that FAR imparts convergence benefits
over prior work, under the same hyperparameter and GPU configurations.

with Kinetics pretrained weights results in better performance than without initializing with

Kinetics pretrained weights. In both cases, with small crop siz, FAR improves performance

over the corresponding baselines by 2.2%− 4.24%. At a resolution of 224× 224, there is a slight

decrease in Top-5 accuracy (0.1%).

Video action recognition is a global level task. Hence, it is important for the network to

see a larger spatial region of the video to understand context, and get a better view of the human

actor. Moreover, since the design of FAR is specifically inspired of challenges pertaining to object
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Table 4.2: Comparisons with state-of-the-art self-attention based transformer methods on UAV
Human. We initialize all our models with Kinetics pre-trained weights. We observe higher accuracy and
computational benefits (up to 3x) with FAR.

Method Param Top-1 FLOPs GPU Inference
M % GFlops/video GB/video Time (sec)/video

I. Baseline non-attention models

X3D-M 3.8 36.6 14.39 3 0.08
I3D-M 12 21.06 346.55 10 0.1

II. Comparisons with the state-of-the-art Fourier-based method

I3D + FNet [241] (2021) 12 24.39 346.56 10 0.1
I3D + FAR (Ours) 12 29.21 346.6 10 0.2

III. Comparison with the state-of-the-art efficient-attention method

I3D + Efficient Attention [232] (WACV 2021) 12 21.13 462 13.3 0.12
I3D + Fourier Attention (Ours) 12 24.15 346.57 10 0.19

IV. Comparisons with the state-of-the-art self-attention based transformer methods

ViT-B-TimeSformer (ICML 2021) [174] 121.4 33.9 2380 32 0.27
MVIT (ICCV 2021) [242] 36.6 24.3 70.8 9 0.16

X3D-M + FAR (Ours) 3.8 38.6 14.41 3 0.09

background separation, and context encoding, the margin of improvement imparted by FAR to

the backbone architecture is larger when the crop size is higher. At a crop size of 540×540, FAR

improves top-1 and top-5 accuracies by 5.46% and 3.67% respectively, over the corresponding

baselines.

4.4.3.2 Ablation Experiments

FAR ablations. We present ablation experiments on the components of FAR. We use the I3D

backbone [24], and sample 8 frames per video. We initialize with Kinetics pretrained weights,

and spatially downsample (and then feed in the entire frame) the video by a factor of 2. In the

first four experiments, we uniformly sample 8 frames from frame 0. The first row is the baseline

experiment with neither Fourier object disentanglement nor Fourier attention. We observe in the

experiment corresponding to Row 2 that object disentanglement improves performance by 22.9%

over the baseline. FO is a high pass filter (L2). The usage of a linear (L1) high pass filter results

in an accuracy of 25.56%. Thus, we used the L2 high-pass filter as it results in a higher accuracy.

Next, we determine the importance of context and long-range space-time relationships by using
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only Fourier attention, and demonstrate an improvement of 14.67% in Row 3.

FO and FA complement each other - the former disentangles object from the background,

while the latter decodes contextual information and inter-pixel, inter-frame relations. Using FO

and FA in parallel, and sum-fusing the resultant feature maps cumulatively improves performance

by 28.2% over the baseline. Finally, we incorporate the sampling scheme, vis-a-vis, randomly

initialized uniform sampling along with FO and FA. This results in a final accuracy of 29.21%,

38.69% over the baseline.

FA ablations. We conduct ablation experiments on our proposed Fourier Attention (FA). We use

the I3D backbone, and a video resolution of 540×960×8. In all these experiments, FO is applied

on level 2. In the first experiment, we extend FA to channels [45] in addition to space-time, at

level 2, the accuracy is 26.48. In the second experiment, we apply channel FA at level 4 [45]

while retaining space-time FA at level 2, the accuracy further degrades to 25.77. In contrast, the

accuracy with space-time Fourier attention is 27.00. Thus, we find that global mixing at channel

level does not contribute to improvement in performance.

Next, we explore the notion of multi-level FA, where FA is applied at multiple levels and

not just level 2, the accuracy is 29.16. In contrast, FAR’s accuracy is 29.21. Our conclusion is

that FA extracts knowledge prerequisite to learning long-range space-time relationships at level

2, to its maximum capacity, and applying it at more layers is redundant.

4.4.3.3 State-of-the-art comparisons

We report state-of-the-art comparisons. For all our experiments, we set the temporal and

spatial resolutions at 8 frames and upto 540 (short side) respectively. We establish the baseline
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accuracies using non-attention networks vis-a-vis, I3D [24] and X3D [7], in experiment I.

Comparisons with FNet. We report the accuracy using FNet, which is the state-of-the-art

Fourier transform based self-attention method. FNet naively replaces every self-attention layer

with the Fourier transform of the feature maps at that level. The motivation is to ”mix” different

parts of the feature representation and thus gain global information. Originally designed for NLP,

it achieves 92−97% of the accuracy of BERT counterparts on the GLUE counterparts. However,

when applied to video activity recognition on UAV Human RGB with the I3D backbone, we

find that the accuracy is just 24.39%. In contrast, with the same backbone and hyperparameter

settings, we demonstrate that FAR achieves 29.21%, an improvement of 19.76%.

Comparisons with efficient attention methods. We compare with the current state-of-the-art

efficient attention method [232] in experiment III. For fair comparisons, we use the I3D backbone

in both cases, at a video resolution of 540× 960× 8. We demonstrate better accuracies with our

Fourier Attention formulation at lower FLOPs and GPU memory.

Comparisons with transformer/self-attention methods. We compare against self-attention

based transformer methods. Specifically, we compare against (i) TimesFormer [174] (ICML

2021) - a self-attention video recognition method based on joint space-time self attention, and (ii)

MViT (ICCV 2021) - a transformer based method that combines multi-scale feature hierarchies.

We demonstrate much better performance at lower number of FLOPs, GPU memory and inference

time. Another benefit is that FAR does not add any new parameters to the neural network and uses

the same number of parameters as its backbone network. In contrast, MVIT and TimeSformer

use much higher number of parameters.
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Table 4.3: Results on more UAV datasets. We demonstrate that FAR improves the state-of-the-art
accuracy by 8.02%-17.61% across popular UAV datasets.

Method Frames Input Size Init. Top-1

(i) Dataset: UAV Human Night [22]

I3D [24] 8 480× 640 Kinetics 28.72
FAR 8 480× 640 Kinetics 33.78

(ii) Dataset: Drone Action [23]

HLPF [243] All 1920× 1080 None 64.36
PCNN [244] - 1920× 1080 None 75.92
X3D-M [7] 16 224× 224 Kinetics 83.4

FAR 16 224× 224 Kinetics 92.7

(iii) NEC Drone [197]

X3D-M [7] 8 960× 540 Kinetics 66.15
FAR 8 960× 540 Kinetics 71.46

4.4.4 Results: More UAV Datasets

We demonstrate the effectiveness of FAR on multiple UAV benchmarks. We demonstrate

that FAR outperforms prior work by 17.61%, 11.15% and 8.02% on UAV Human Night, Drone

Action, and NEC Drone respectively.

4.5 Conclusions, Limitations and Future Work

We present a new method for UAV Video Action Recognition. Our method exploits the

mathematical properties of Fourier transform to automatically disentangle object from the background,

and to encode long-range space-time relationships in a computationally efficient manner. We

demonstrate benefits in terms of accuracy, computational complexity and training time on multiple

UAV datasets. Our method has a few limitations. The sampling strategy based on randomly

initialization is a naive method to span all video frames. It might be interesting to explore the

usage of better video sampling strategies [213, 214]. Next, we assume that the input videos

contain only one human agent performing action. Multi-action videos could be a potential

extension of our method. Moreover, we believe that FAR can be extended to other tasks such

as video object segmentation and video generation, front-camera action recognition, graphics
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and rendering [245, 246].
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Chapter 5: DifFAR: Differentiable Fourier Aerial Video Recognition

UAVs are being increasingly used for surveillance, security, inspection, search and rescue,

agriculture and videography. Action recognition [247] for videos captured by these UAVs is

a crucial video analysis task. While there has been immense work on videos obtained using

front-view cameras, research on UAV videos is limited. Deep neural networks for human activity

recognition [7, 205] have been widely used for ground-camera scenes [24, 198], where the human

actors take a high fraction of the pixels in the video scenes. While these methods work well on

ground-camera videos, their accuracy on UAV videos can be low. This is mainly because UAV

videos consist of human actors that occupy less than 10% of the spatial resolution of the video.

Moreover, the action captured by these cameras may be low-resolution, and there is background

and camera movement.

Figure 5.1: Human activity recognition in videos recorded using dynamic cameras at oblique and
aerial angles typically consist of human actors that occupy less than 10% of the spatial resolution
of the video. Background motion, noise, and low-resolution activities add to the complexities
faced by video recognition systems. Our method achieves upto 41.86% and 80.75% top-1
accuracies on UAV Human and NEC Drone, respectively.

Moving objects in videos can be detected using object detection and tracking [177], optical
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flow [186], motion segmentation [190], etc. However, many issues arise in terms of using them

on UAV videos: unavailability of ground-truth object detection labels, domain gap between

scenes with access to object localization and scenes on which action recognition needs to be

performed [179, 180, 181], the need for a separate learning technique for modeling motion [202],

etc. Thus, the network needs to automatically disentangle regions of the feature map, which are

vital for video recognition, from entangled representations encompassing all aspects of the video.

The design of a differentiable method to compute disentangled representations enables the

neural network to intrinsically learn disentangled regions, from motion cues and learned saliency

information. A differentiable formulation between the neural network and motion representations

establishes a bridge between classical and learning-based techniques, harnessing the power of

both. Differentiable programming has been used in diverse tasks such as simulation [248] and

control [249]. However, it has not been explored in action recognition literature.

5.0.1 Main Contributions

We present a novel method, DifFAR, for activity recognition in UAV videos with dynamic

backgrounds and moving cameras. Our approach is designed to handle oblique and aerial

camera views with low actor-background pixel ratios, which are common characteristics in

videos captured using aerial cameras. We take advantage of frequency domain representations

[250] of the feature maps that provide an alternate complementary formulation to holistically

model the time-evolution of pixels corresponding to various entities in the scene. We propose a

differentiable static-dynamic frequency mask that (i) empowers the network to learn disentangled

feature maps via a differentiable loss function and (ii) samples crucial frames from the video at
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test time. The novel components of our work include:

1. Differentiable static-dynamic mask: “Dynamic” saliency mask denotes important regions

of the scene corresponding to moving pixels. Similarly, “static” saliency mask represents

important regions of the scene corresponding to stationary pixels. We propose a differentiable

frequency-based “static” saliency mask that complements the frequency-based “dynamic”

saliency mask. While the “dynamic” mask highlights dynamic salient regions of the scene

and suppresses static non-salient regions, our “static” mask amplifies static salient regions

and suppresses dynamic non-salient regions. Our approach uses a combination of both

masks to handle dynamic and static salient regions of the scene (including moving human

actors) and suppresses dynamic backgrounds, noise, and static non-salient regions.

2. Differentiable disentanglement: We bestow the network with the ability to inherently

“learn” disentangled feature representations that are crucial for the underlying task of

action recognition, via an identity loss function using the “differentiable” static-dynamic

frequency mask. This empowers layers of the network to serve as the disentangler and

directly compute salient features in its forward pass.

3. Mask sampling: We propose a frame sampling method using our static-dynamic frequency

mask, to select the most informative frame within uniformly spaced non-overlapping video

segments. These frames serve as a complementary descriptor to frames chosen using

uniform sampling.

DifFAR can be embedded within any 3D action recognition backbone. It is parameter-free

i.e. it does not add any learnable layers or parameters to the backbone neural network, which
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simplifies initialization and training. We conduct extensive experiments on two UAV datasets:

UAV Human [22] and NEC Drone [197]. These datasets are captured at varying altitudes, angles

and lighting conditions. We demonstrate a considerable improvement of 2.84% – 13.05% in

Top-1 accuracy over the corresponding baselines. We demonstrate state-of-the-art performance

on UAV Human and NEC Drone by at least 3.26% and 7.74%, respectively, over the state-of-

the-art methods. Moreover, DifFAR is on par with the state-of-the-art transformer architectures

while using far fewer computations (up to 61.8×) and network parameters (up to 31.94×).

5.1 Related Work

Aerial Video Recognition. The availability of UAV datasets [22, 251, 252] has fostered aerial

video research [253] pertaining to person reidentification [254], human detection [255], tracking [256,

257], pose estimation [258], few-shot learning [217], drone detection [259] and path planning [260].

Many architectures have been proposed to specifically tackle aerial video action recognition [218,

219, 220, 261], in addition to generic action recognition [7, 205]. Recently, FAR [250] proposed

a frequency-based method to disentangle moving objects by modulating feature maps. However,

FAR does not place any explicit emphasis on static regions of the scene, a complementary

descriptor. Moreover, FAR applies the mask as a transformation over feature maps, denying the

network the opportunity to directly ‘learn’ disentangled feature maps in a differentiable manner.

Differentiability and Deep Learning. Differentiability has emerged as a powerful tool towards

making neural networks learn tailored feature representations for diverse tasks such as simulation [248],

control [249], video structure from motion [262], and physics [263]. In this chapter, we present

a differentiable frequency-domain method for aerial video action recognition.
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Motion Representation Methods. A popular motion representation method is optical flow [182],

which is very expensive. Deep learning based optical flow computation [184, 185, 186] has a

lower computational complexity, but requires a two-stream NN [200] for action recognition that

increases the network complexity. Object tracking methods [264] require ground-truth bounding

boxes that are difficult to obtain. Other alternatives such as motion feature networks [187] and

ActionFlowNet [188] are less accurate optical flow. Techniques such as background subtraction [189]

and motion segmentation [190] are not ideal for action recognition methods that rely heavily

on object localization [191, 192]. In contrast, we present a computationally efficient frequency-

based disentanglement technique to automatically highlight regions of the scene salient for action

recognition.

Frame sampling. Frame sampling [265] has mainly been explored in the context of untrimmed

videos [266] using Reinforcement learning [267], saliency information [214], audio information [268],

etc. Most of these methods require the neural network to be retrained using the selected frames

which is expensive. Moreover, CNN methods such as MG Sampler [213] use only prior frames,

while it is beneficial to use future frames as well in a non-online setting.

5.2 DifFAR

We present a novel method, DifFAR, for video recognition in UAV videos. These videos,

recorded using dynamic cameras placed at oblique angles obstructing the field of view of the

action being performed, contain human actors occupying fewer than 10% of the pixels, along with

background motion and light noise. Our method has multiple benefits: (i) It can be embedded

within any 3D action recognition backbone without modifying the structure of the underlying
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Figure 5.2: We present a differentiable frequency-based method for aerial video recognition. Our
differentiable static-dynamic frequency mask provides a prior for disentangled regions relevant
to action recognition. This mask is used to guide the learning of disentangled features within
the layers of the neural network using an identity function. Furthermore, we propose a frame
sampling strategy that chooses the best frame within each uniform video segment at test time,
using the static-dynamic frequency mask and temporal difference.

neural network. (ii) It is parameter-free, i.e., it does not add any learnable layers or parameters

to the backbone neural network. These properties allow us to initialize the neural network with

weights pre-trained on large-scale ground-camera datasets such as Kinetics [24] and simplifies

training.

We sample T frames from the video using uniform sampling [250], where T is the frame

rate. The architecture involves a 3D CNN backbone such as I3D [24] or X3D [7]. 3D CNNs

Notation Term

Mdynamic Dynamic mask
Mstatic Static mask
M Mdynamic + Mstatic

f Frequencies
F Fourier transform
x Feature representations
Cp Prior frames cost
Cf Future frames cost
T Frame sampling rate

Table 5.1: Symbols used in the chapter
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typically consist of an initial set of convolution layers, followed by 4 blocks of ResNet-type

convolution layers. This is followed by a final prediction layer. Our architecture retains the

structure of this backbone. We propose a differentiable static-dynamic frequency mask to highlight

regions of the scene relevant for action prediction. This is computed using the outputs at the

second block of the neural network. The neural network is trained using traditional multi-class

cross entropy loss for action recognition and an identity loss. The identity loss function is applied

at the outputs of the third block of the neural network, and bestows the network with the ability to

learn disentangled feature maps in a differentiable manner via an identity loss function. We also

propose a method for frame sampling using the differentiable static-dynamic frequency mask,

which samples frames from the video at the evaluation phase. We now describe our method in

detail.

5.2.1 Background: Differentiability

Differentiable programming allows for computing derivatives of functions or gradient operators

to learn representations for the underlying task. For feature disentanglement, differentiable

programming can be a more powerful tool than applying transformations over features [250].

This is because blocks of the network are optimized to directly compute disentangled features,

where the entire set of layers serves as the disentanglement module.

Frequency domain representations contain an abundance of information for disentanglement

that can improve the performance of action recognition neural networks. One way to do so is

to apply the corresponding frequency-domain masks as a transformation over neural network

features. However, enabling the neural network to learn disentangled representations within its
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layers, using frequency-domain information as well as training data, creates an amalgamation

of techniques from traditional signal processing and deep learning. This has the potential to

empower the neural network with the benefits of both worlds.

However, the training of neural networks requires loss functions to be differentiable in order

to perform backpropagation. This raises questions pertaining to frequency domain representations

that can be used for training, appropriate loss function and the layers of the neural network that

should be used for learning robust disentangled features.

5.2.2 Differentiable Static-Dynamic Frequency Mask

Consider a video depicting the action of human diving. The focus of the camera shifts from

the diving springboard to the water beneath as the action is executed. Moreover, the springboard

might move as the person jumps into the water, and there may be other humans moving around

the swimming pool. In the absence of any external localization ground-truth, the neural network

needs to innately disentangle the human actor performing the action of diving from the rest of

the scene. In general, a video scene consists of four types of regions - dynamic salient regions,

static salient regions, dynamic non-salient regions and static non-salient regions. The first two are

very important for the underlying task of action recognition. A robust feature disentanglement

technique should highlight pixels corresponding to static salient regions and dynamic salient

regions and suppress the non-salient patches.

The frequency domain of a signal is a powerful representation that can quantify the temporal

change of spatial pixels, and hence can be used for predicting static and dynamic regions of the

scene. To identify dynamic pixels, we can formulate the “dynamic” mask Mdynamic [250] as the
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dot product of the temporal FFT FT of the feature maps and the corresponding frequencies f ,

over the frequency spectrum k = 1....T . For features x, mathematically,

MFAR(x) = ∥FT (x)∥22 × ∥f∥22︸ ︷︷ ︸
Mdynamic

⊙x, (5.1)

The formulation amplifies high amplitudes at high frequencies, and suppresses low amplitudes

at low frequencies. The final dot product with the feature representation ensures that only

salient moving regions are amplified, and moving background regions are suppressed. Since this

equation only models dynamic regions of the scene, it causes inconsistencies in static parts of the

scene corresponding to salient regions; it may also incorrectly disentangle dynamic backgrounds

and noise. To alleviate this issue, we propose modeling the salient static parts of the video through

a static mask Mstatic.

High amplitudes at low frequencies correspond to static regions of the scene. Given a

feature representation x, we mathematically model this relation as follows:

Mstatic = ∥FT (x)∥22 ⊙ (1/(1 + ∥f∥22)), (5.2)

The inverse shifted quadratic formulation of the frequency component ensures that the computation

of the mask is stable. A dot product of Mstatic and network features amplifies static, salient

regions and heavily suppresses dynamic non-salient regions. Mstatic, in conjunction with the

dynamic mask Mdynamic, forms a static-dynamic frequency mask prior M . Thus, the net mask

encapsulating static, and dynamic parts of the scene is M = Mstatic + Mdynamic. M guides

the network to learn object disentangled low-level feature representations, as described in the
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following section.

5.2.3 Differentiable Disentanglement

Our next goal is to use the differentiable static-dynamic frequency masks to help the neural

network learn disentangled feature representations. We guide the learning of disentangled feature

representations at the penultimate layer of the network using the static-dynamic mask prior M

from mid-level features. Since mid-level features provide a fine balance between encoding video

features and maintaining the space-time resolution of the video, we use mid-level features xmid

to derive the disentanglement mask xmid,M , computed by applying M on xmid. We constrain the

features at the penultimate layer, xp to resemble disentangled feature representations using an

identity loss function as follows:

Lmask = λmask ·MSE{xp,M(xmid)⊙ xp}, (5.3)

where MSE is mean squared error. In the above equation, the dot product of mask M(xmid) (M

applied on xmid) and xp transforms xp to the corresponding disentangled feature representation.

Further, the application of the identity loss enables the network to intrinsically learn high-quality

disentangled feature representations at the penultimate layer. During backpropogation, gradients

flow from xp as well as xmid (through M ) ensuring that neural network layers between the mid-

level and penultimate layer learn disentangled features. The hyperparameter λmask, typically

set to 0.1 in our benchmarks, scales the identity loss function. We use a combination of the

classical multi-class cross entropy loss function [24] applied on the final softmax layer of the

neural network, along with Lmask, to train the action recognition neural network.
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5.2.4 Frame Sampling

Uniform sampling divides the video into uniform segments, equal to the number of frames

N to be sampled, and selects the kth from each segment where k is an integer lesser than or

equal to the number of frames in each segment. Such a sampling strategy is commonly adopted

during the training of action recognition architectures on trimmed videos and works well due to

its ability to span the duration of the video. However, samples selected from each video segment

using uniform sampling are not always the most salient frames in the corresponding segment. We

present a method to choose the best frame within uniform video segments. Our solution can be

applied at the evaluation phase and does not require the neural network to be retrained.

A good frame selection strategy should consider frames prior to the video segment under

consideration as well as frames succeeding the video segment. Frames that provide maximal

information w.r.t. prior as well as future frames can be regarded as salient frames. For the task of

action recognition, movement or difference of feature representations between frames provides

this information. Corresponding to segment i (i = 1...T ), where T is the number of frames, for

frame j’s (j = 1...s), where s is the number of frames within each segment (or total number

of frames in the video divided by sampling rate), we denote the feature representations xi,j .

Since movement is best encapsulated by the salient regions, which are useful for predictions,

we compute the saliency mask representations for features xi,j as M ⊙ xi,j . We denote uniform

frames for segment i as xU−i, and the corresponding saliency mask representations as M ⊙xU−i.

Weighted sum of mean squared difference between M⊙xi,j and prior and future frames gives the

cost w.r.t. prior Cp and future frames Cf . The weights are designed to be inversely proportional

to the distance between the video segment under consideration for frame sampling and the video
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segment in the equation for computation for prior and future costs. Mathematically,

Cp =
i−1∑
k=1

T − i+ k

T
× (M ⊙ xi,j −M ⊙ xU−k)

2 (5.4)

Cf =
T∑

k=i+1

T + i− k

T
× (M ⊙ xi,j −M ⊙ xU−k)

2. (5.5)

The net cost is a weighted sum of Cp and Cf where the weights, wp and wf , are proportional

to the costs and time between the video segment under consideration for frame sampling, the

beginning of the video, and the end of the video. Mathematically, wp = {Cp/(Cp + Cf} × i and

wf = {Cp/(Cp + Cf} × (T − i).

Ensembling the predictions. We use the set of uniform frames FU to sample the set of salient

frames FS . We use the trained action recognition neural network to compute the predictions for

FU as well as FS . These predictions are summed to obtain the final prediction, which is used to

determine the predicted action class.

5.3 Experiments

5.3.1 Network and Training Details

Backbone network architecture: We benchmark our models using two state-of-the-art 3D CNN

based action recognition architectures :- I3D (CVPR 2017) and X3D (CVPR 2020). We use

level 2 features (mid-level) of the underlying 3D ResNet-101 to derive object disentanglement

masks. This mask is used to guide the learning of disentangled feature representations obtained

after level 3. The cost functions for frequency-based frame sampling are computed using features
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Model Data Aug. Input Frames Top-1 (%)

I3D Experiments

I3D No (540, 960) 8 23.86
Ours (I3D Backbone) No (540, 960) 8 32.94

X3D Experiments

X3D No (540, 960) 16 35.71
Ours (X3D backbone) No (540, 960) 16 40.81

X3D + Data Augmentation Experiments

X3D Yes (540, 540) 8 36.6
X3D + FD Yes (540, 560) 8 41.86

Table 5.2: We evaluate our method on UAV Human. Across two 3D CNN backbones (I3D, X3D)
and datasets, we demonstrate relative improvements of 14.28% - 38.05% in the Top-1 accuracy
over the corresponding baselines.

from level 1.

Training details: All our models were trained using NVIDIA GeForce 1080 Ti GPUs and

NVIDIA RTX A5000 GPUs. Initial learning rates were set at 0.01 or 0.1. We use the Stochastic

Gradient Descent (SGD) for optimization, with 0.0005 weight decay, and 0.9 momentum. We use

cosine/poly annealying for learning rate decay and multi-class cross entropy loss to constrain the

final softmax predictions of the neural network. We report top-1 accuracies for all our models.

Datasets: We benchmark our models on two UAV datasets:- UAV Human [22] and NEC Drone [197].

UAV Human is an outdoor activities dataset, containing low-resolution videos taken under adverse

lighting and weather conditions. It contains 155 actions, many of which are similar and hard

to distinguish. Moreover, the videos contain dynamic backgrounds, camera motions and noise.

NEC Drone is an indoor dataset with single-human and two-person actions. It contains 16 actions

performed in an unconstrained manner.
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Experiment Top-1 (%)

Mdynamic 28.1
Mdynamic + Lmask 29.68

Mstatic + Mdynamic + Lmask 31.95

Table 5.3: We demonstrate the effectiveness of each component of FD with ablation experiments
on UAV Human. All our experiments use RIUS for training as well as testing, and I3D backbone,
and a spatial and temporal resolution of 540× 960 and 8 frames respectively.

Model Backbone Data Aug. Input Frames Params (M) FLOPs (G) Top-1 (%)

UAV Human

I3D (CVPR 2017) [24] - No (540, 960) 8 28.0 108 21.06
MVIT (ICCV 2021) [242] - Yes (224, 224) 16 36.6 70.8 24.3
X3D-M (CVPR 2020) [7] - Yes (224, 224) 8 3.8 6.2 30.6
X3D-M (CVPR 2020) [7] - Yes (540, 540) 8 3.8 36.03 36.6
X3D-M (CVPR 2020) [7] - No (540, 960) 16 3.8 36.03 x
FNet (arXiv 2021) [241] I3D No (540, 960) 8 28.0 108 24.39
FAR (ECCV 2022) [250] I3D No (540, 960) 8 28.0 108 29.21
FAR (ECCV 2022) [250] X3D-M Yes (540, 540) 8 3.8 36.6 38.6

Ours X3D-M Yes (540, 540) 8 3.8 36.6 41.86
Ours X3D-M No (540, 960) 16 3.8 130.13 40.81

Table 5.4: We compare our method against prior methods on UAV Human. We demonstrate state-
of-the-art performance by at least 5.72%. Our method outperforms transformer architectures
while using far fewer computations (upto 61.8×) and network parameters (upto 31.94×). Our
method imposes minimal memory overhead over the backbone neural network.

Evaluation: We evaluate all action recognition models using the top-1 accuracy score, which

is the ratio of the number of correctly classified samples to the total number of samples in the

evaluation set. We also report top-5 accuracy which is the ratio of samples for which the top-

5 classes (in terms of probability of predictions) contains the ground-truth class. We report all

improvements in terms of relative performance. The relative improvement of method 1 over

method 2, where the absolute accuracies of method 1 and method 2 are x1% and x2% respectively,

is (x1 − x2)/x2 × 100

5.3.2 Results: UAV Human

Our method can be embedded within any state-of-the-art 3D CNN to improve the performance.

We demonstrate the effectiveness of our method over various backbone architectures. We report

relative improvements of 38.05% and 14.28% using the I3D and X3D backbones respectively.
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The large improvements in top-1 accuracy are indicative of the ability of FD to inherently localize

the human actor from the background and identify actions from obscured top-down and oblique

views in the presence of dynamic UAV cameras and noise.

All models use uniform sampling (randomly initialized) [250] for training. In the first two

sets of experiments, we do not perform any data augmentation. The differentiable static-dynamic

frequency mask and identity loss are used for training and the ensemble frequency-based frame

sampling strategy is used at evaluation for our method. In the third set of experiments, the X3D

model is trained with spatial data augmentations, consistent with the publicly available official

code for X3D [7] in Meta AI’s SlowFast GitHub repository. While we use the differentiable

static-dynamic frequency mask and identity loss for training, the frame sampling and evaluation

scheme are consistent with the SlowFast repository codebase i.e. our ensemble frame selection

strategy is not used for testing.

Ablation experiments on the differentiable static-dynamic frequency mask and identity loss. We

present ablation experiments on UAV Human. We use the I3D backbone at spatial and temporal

resolutions of 540 × 960 and 8 frames respectively. All experiments use uniform sampling

(randomly initialized) for training as well as testing.

• In the first experiment, we apply only the dynamic mask Mdynamic, as a transformation over

mid-level features, as in FAR. The accuracy is 28.1%. [250].

• In the second experiment, we quantitatively demonstrate the benefits of differentiability.

We use Mdynamic to train the network to learn disentangled features in a differentiable

manner using Lmask (Equation 3). The absolute improvement over the first experiment is

1.58%.
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Model Input Frames Top-1 (%) Top-5 (%)

I3D Experiments

w/o sampling (540, 960) 8 31.75 52.92
with sampling (540, 960) 8 32.94 54.40

X3D Experiments

w/o sampling (540, 960) 16 40.12 59.08
with sampling (540, 960) 16 40.81 59.94

Table 5.5: We present ablation experiments on the frame sampling method. None of our models
use data augmentation.

• In the third experiment, we show the effects of the static-dynamic mask. We use Mstatic

along with the setup in the second experiment. The absolute improvement over the second

experiment is 2.27%.

Effectiveness of the ensemble frame sampling method. We present experiments on the effectiveness

of the frame sampling method. On I3D, the frame sampling method improves top-1 and top-5

accuracies by (relative) 3.74% and 2.79% respectively. On X3D, the frame sampling method

improves top-1 and top-5 accuracies by (relative) 1.71% and 1.45% respectively.

State-of-the-art comparisons. We present comparisons against the state-of-the-art. We compare

against 3D CNNs (I3D [24], X3D [7]), transformer models (MVIT [242]) and frequency-based

methods (FNet [241], FAR [250]). Our method has benefits in terms of top-1 accuracy as well

as computation (FLOPs, number of parameters). It has minimal memory overheads over the

corresponding backbone neural network. We demonstrate (relative) improvements of atleast

5.72% over the state-of-the-art method.

Ablation experiments on the frame sampling method. All experiments are conducted on the

X3D backbone, without data augmentation and a spatial-temporal resolution of 16× 540× 960.
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Model Backbone Input Frames Params (M) FLOPs (G) Top-1 (%)

X3D-M (CVPR 2020) [7] - (960, 540) 8 3.8 64.05 66.15
FAR (ECCV 2022, Ours) [250] X3D-M (960, 540) 8 3.8 65.08 71.46

DifFAR (ICRA 2023, Ours) X3D-M (960, 540) 8 3.8 65.08 80.75

Table 5.6: We present experiments on NEC Drone. We demonstrate improvements of 13% -
22% over prior work.

The purpose of the disentanglement mask in frame sampling is to ensure samples are chosen

based on the relevance of only salient features. When applied on a model trained for learning

disentangled features, a good way to verify if the network has actually learnt disentangled features

is to remove the mask in the calculation of cost functions for frame sampling. This results in an

accuracy of 40.9%, proving that our differentiable method is indeed successful. Setting wp =

wf = 1 results in an accuracy of 40.70%.

5.3.3 Results: NEC Drone

We present results on NEC-Drone. We use uniform sampling [250] to train all models.

In the experiment corresponding to our method, we initialize the neural network with weights

corresponding UAV Human. Following prior work [250], while testing, we select the most

frequent class prediction among the networks’ result using all sets of Randomly Initialized Uniform

Sampling frames.

We obtain a top-1 accuracy of 80.75%. We compare against 3D CNNs (X3D [7]) and

frequency-based methods (current state-of-the-art for aerial video recognition - FAR [250]) and

show relative improvements of 13.00% - 22.07%.
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5.4 Conclusion, Limitations and Future Work

In this chapter, we presented a differentiable disentanglement method that simultaneously

exploits the potential of learning-based neural networks and traditional signal processing. The

method includes a static-dynamic frequency mask and identity loss for learning the disentanglement,

along with a frame selection method at the evaluation stage. Our method has a few limitations.

First, it is completely supervised. This means it requires labeled data and annotation is a laborious

process. Unsupervised, self-supervised and transfer learning methods can alleviate this issue.

Second, while our method is more effective than transformers in terms of accuracy, speed and

memory, it is still expensive due to 3D convolutions and requires multiple GPUs and iterations to

train. Future work on methods that can be run on mobile GPUs will be of practical importance.

In our experiments and datasets, we assumed that a single human-agent is performing the action.

Our method can be incorporated within any 3D neural network to improve performance and it

might be interesting to explore the usage of our method within multi-agent neural networks.
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Part IV

Generating Aerial-view Images using a Pretrained Model and an Exemplar Front-view Image
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While aerial views suffer from limited supervised data, there is an abundance of front view

data, and generative approaches are gaining popularity. The question arises: Can we leverage

front view data to generate aerial view data? Unfortunately, obtaining paired training data

or comprehensive 3D information is challenging. However, we propose utilizing a pretrained

image generation model to synthesize aerial view images from single front view images — using

approaches presented in this section.

This section has two chapters. In the Chapter 6, we present a novel method, Aerial Diffusion,

for generating aerial views from a single ground-view image using text guidance. Aerial Diffusion

leverages a pretrained text-image diffusion model for prior knowledge. We address two main

challenges corresponding to domain gap between the ground-view and the aerial view and the two

views being far apart in the text-image embedding manifold. Our approach uses a homography

inspired by inverse perspective mapping prior to finetuning the pretrained diffusion model. Additionally,

using the text corresponding to the ground-view to finetune the model helps us capture the

details in the ground-view image at a relatively low bias towards the ground-view image. Aerial

Diffusion uses an alternating sampling strategy to compute the optimal solution on complex

high-dimensional manifold and generate a high-fidelity (w.r.t. ground view) aerial image. We

demonstrate the quality and versatility of Aerial Diffusion on a plethora of images from various

domains including nature, human actions, indoor scenes, etc. We qualitatively prove the effectiveness

of our method with extensive ablations and comparisons. To the best of our knowledge, Aerial

Diffusion is the first approach that performs single image ground-to-aerial translation in an

unsupervised manner.

In the Chapter 7, we present HawkI, again, for synthesizing aerial-view images from text

and an exemplar image, without any additional multi-view or 3D information for finetuning or

123



at inference. HawkI uses techniques from classical computer vision and information theory.

It seamlessly blends the visual features from the input image within a pretrained text-to-2D-

image stable diffusion model with a test-time optimization process for a careful bias-variance

trade-off, which uses an Inverse Perspective Mapping (IPM) homography transformation to

provide subtle cues for aerial-view synthesis. At inference, HawkI employs a unique mutual

information guidance formulation to steer the generated image towards faithfully replicating the

semantic details of the input-image, while maintaining a realistic aerial perspective. Mutual

information guidance maximizes the semantic consistency between the generated image and the

input image, without enforcing pixel-level correspondence between vastly different viewpoints.

Through extensive qualitative and quantitative comparisons against text + exemplar-image based

methods and 3D/ multi-view based novel-view synthesis methods on proposed synthetic and real

datasets, we demonstrate that our method achieves a significantly better bias-variance trade-off

towards generating high fidelity aerial-view images.
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Chapter 6: Aerial Diffusion: Text Guided Ground-to-Aerial View Translation

from a Single Image using Diffusion Models

The analysis of aerial image and video [269] plays a pivotal role in different applications,

such as search and rescue, aerial photography, surveillance, movie production, etc. However, the

paucity of aerial data [22] and the complexities associated with data capture from aerial cameras/

UAVs makes it difficult and costly to train large neural networks [270] for these applications.

Hence, the synthesis of aerial-view images [271] offers a promising alternative to address these

challenges. Conditional image synthesis [272, 273] allows for control over the generation process.

Ground-view annotated datasets [21, 24, 198, 274] are readily available for many tasks.

Hence, a method that transforms ground-view images to aerial views (or cross-view synthesis [26,

27]) could allow the reuse the of annotated metadata for a variety of aerial-view applications, e.g.,

classification [275], segmentation [43], action recognition [276], representation learning [277],

domain adaptation [197], augmentation [278], etc. However, cross-view synthesis requires the

network to learn a very large non-trivial translation. The network needs to hallucinate a new and

enormously different view of all entities in the scene and the background, while being consistent

with the details including the semantics, colors, relations between various parts of the scene,

pose, etc.

Prior work [26, 27, 279, 280] on ground-to-aerial generation use NeRFs and GANs. However,
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Figure 6.1: Given a single ground-view image and the corresponding text description as input,
Aerial Diffusion generates corresponding aerial-view image. Our method does not require any
supervision from aerial-view data, pairs of ground-aerial view, depth maps, semantic maps, multi-
views, etc. It is one of the first approaches to achieve ground-to-aerial view translation in an
unsupervised manner.

all of these methods use paired data for ground-view and the corresponding aerial views, which

is seldom available. Moreover, training on a specific dataset limits the application to specific

scenes similar to the training data; necessitating the collection of paired data for widely different

distributions. Instead, our goal is to develop a generic method for generating aerial views from

ground-views without any paired data or other auxiliary information such as multi-views, depth,

3D mapping, etc.

While there are many diverse datasets of ground images, there are not many such good

quality aerial datasets [22] - hence, unpaired image-to-image translation [83] is not a viable

solution. On the contrary, text is an auxiliary modality that can be easily obtained using off-

the-shelf image/video captioning tools [281] Moreover, text provides a natural representation

space describing images. Consequently, our goal is to use the text description of a ground-view

image to generate its corresponding aerial view.

Recently, diffusion models have emerged as state-of-the-art architectures for text-to-image [8,

273, 282, 283] high-quality realistic image synthesis. The availability of immense prior knowledge
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via large-scale robust pretrained text-to-image models [284], motivates us to pose ground-to-

aerial view translation as text-guided single-image translation [8, 283]. Text-guided single-

image translation methods finetune the diffusion model to the input image and then perform

linear interpolation in the text embedding space to generate the desired output. However, direct

application of these methods [8, 273, 283] to ground-to-aerial translation either generates high-

fidelity non-aerial images or low-fidelity aerial images.

Main contributions. We present two postulates for text-guided image translation, for

ground-to-aerial translation: (i) domain gap between the finetuning task (w.r.t. ground view)

and target task (aerial view generation) hinders the diffusion model from generating accurate

target views and introduces bias towards the source view, (ii) a finetuned diffusion model cannot

generalize well to the target prompt, if the text embedding and image spaces corresponding to the

source and the target are far apart on the nonlinear text-image manifold.

Based on these findings, we propose “Aerial Diffusion”, a simple, yet effective, method for

generating aerial views, given a single ground-view image and the corresponding text description

as input. The novel elements of our algorithm include:

• Instead of directly finetuning the diffusion model with the ground-view image, we apply a

homography based on inverse perspective mapping on the ground-view image to obtain a

homography projected image prior to the finetuning. This reduces the bias of the diffusion

model towards the input image while finetuning.

• To finetune the diffusion model, we use the source text corresponding to the ‘ground-view’

as the guiding factor, instead of the target text (‘aerial view’). This helps the diffusion

model search for an optimized text embedding in the vicinity of a text space close to

the image space, enabling the learning of a ‘good’ optimized text embedding. This also
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prevents the diffusion model from developing a bias towards an incorrect aerial view.

• To obtain a high-fidelity aerial image (w.r.t. ground-view), at inference time, we manipulate

the text embedding layer, such that it prioritizes fidelity and the aerial viewpoint in an

alternating manner. Alternating between text embeddings corresponding to the viewpoint

and fidelity switches the denoising direction, such that the backward diffusion takes one

step towards preserving fidelity followed by another step towards generating an aerial view.

As noises are gradually removed, the process ends up with a high-fidelity aerial-view image

on a manifold with a better fidelity-viewpoint trade-off than linear interpolation.

We apply our method on numerous in-the-wild images from various domains such as nature,

animals and birds, human actions, indoor objects, etc. Our method is able to generate high-

quality aerial view images that preserve the details contained in the source-view image. We

conduct extensive ablation studies highlighting the benefits of each element of our method;

and demonstrate the trade-off between fidelity (w.r.t. source image) and faithfulness to target

view via hyperparameter tuning. We compare with the state-of-the-art diffusion model-based

text-guided editing approach and show far superior qualitative performance for ground-to-aerial

translation. Comparison to other text-embedding manipulation approaches also shows that our

alternate prompting strategy works better.

6.1 Related work

There has been immense work on image-to-image translation [83, 285, 286, 287, 288, 289,

290] using GANs [291], transformers [292], diffusion models [284, 293, 294], etc. for problems,

such as style transfer [295], image restoration [296], and multimodal style translation [297].
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Figure 6.2: Results. We apply Aerial Diffusion on diverse images such as animals/ birds, natural
scenes, human actions, indoor settings, etc and show that our method is able to generate high-
quality high-fidelity aerial images.

Many of these methods are capable of performing these tasks using paired/ unpaired data [298].

Recently, diffusion models [273, 299, 300, 301, 302, 303, 304, 305] have been successful in

performing non-trivial operations, such as posture changes and multiple objects editing. Prior

work on cross-view synthesis [26, 27, 279, 280, 306, 307, 308, 309, 310, 311, 312, 313, 314,

315, 316] generally use paired data and other complex auxiliary modality such as semantic maps,

depth, multi-views, etc within various generative approaches.

A closely related problem is novel view synthesis [317, 318] where the goal is to generate

new views of the scene. However, most novel-view synthesis methods including GANs [319],

NeRFs [320], diffusion models [321] use multiple views of the scene for training, even while they

may be capable of performing single-view evaluation [322, 323]. Again, this is prohibitive since

it requires multiple views of the scene/ depth information [324] for training. On the other hand,
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Figure 6.3: Aerial Diffusion. In step 1, we apply a homography transformation to the ground-
view image IS . This creates a gap between ISh and txt, which in turn reduces the bias of the model
towards ISh in step 2. In step 2, we use the esrc to optimize to eopt and finetune the diffusion model
to reconstruct ISh for the eopt. Using the esrc to find eopt reduces the bias of the model towards
ISh due to the disparity between ISh and the esrc. In stage 3, we manipulate the text embedding
by using an alternating strategy to find the optimal solution in a higher-dimensional non-linear
space to generate a high-fidelity aerial image IT .

3D reconstruction methods [325, 326, 327] rely on depth information or auxiliary data such as

shape priors. Moreover, 3D reconstruction is a complex and expensive task, which is redundant

when the goal is to just obtain a 2D aerial view of the scene.

Text, which is easily available, has been widely used as a guiding factor for image translation [328,

329] and image editing [8, 282, 283, 330, 331, 332, 333, 334, 335], particularly in the context

of diffusion models recently. The availability of large databases of image-text pairs [13], open-

source pretrained models [336], and the fact that text is a natural representation of the world

makes it conducive to use text as an auxiliary modality to provide guidance. Many text-based

image editing approaches operate on a single real image [8, 337] and perform inference time

optimization, making them easy to generalize across diverse images. Single-image approaches [338,

339, 340] have been proposed for image manipulation tasks without text-guidance as well. Generally,

they aim to learn useful representations by finetuning a pretrained model on a single image for

reconstruction. The inference then controls the feature space [341, 342] to achieve the desired

changes.

130



6.2 Aerial Diffusion

We present Aerial Diffusion for view translation from a single real ground-view source

image IS to its aerial-view (or target image IT ), given a text description txt of the image. The

text description can be obtained using an off-the-shelf image captioning tool [281]. We assume

no access to any paired data or other modalities such as depth, semantic maps, other views of the

scene, etc. Corresponding to the ground-view, we use the source text description txtG = ‘front

view of’ + txt with text embedding esrc. Similarly, for the aerial-view, we use the target text

description txtA = ‘aerial view of’ + txt with text embedding etgt.

6.2.1 Postulates

In this section, we analyze text-guided single image translation in the context of ground-

to-aerial view synthesis and present two postulates. A common strategy adopted for text-based

single image translation is to use a robust text-to-image pretrained model in a two-stage process.

The first step finds the ‘optimized text embedding’ eopt (in the vicinity of etgt) that best generates

the ‘source’ image IS and subsequently finetune the diffusion model to generate the ‘source’

image IS using eopt. In the second step, a linear interpolation of etgt and eopt are used to generate

the edited image IT from the finetuned neural network, i.e., the backward diffusion process is

xt−1 = xt − f(xt, t, αetgt + (1− α)eopt), t = T, · · · , 0. (6.1)

A text-based single image translation approach [8, 282, 330, 331] for ground-to-aerial

generation overcomes multiple limitations in terms of data availability and generalization. However,

131



the challenges involved in ground-to-aerial translation inhibit the direct application of existing

text-based single image translation methods for ground-to-aerial generation. We present two

postulates for text-based single-image translation in the context of ground-to-aerial generation.

Postulate 1. Domain gap between the finetuning task (e.g., ground view generation) and target

task (aerial view generation) hinders the diffusion model from generating accurate target views

and introduces bias towards the source view.

Diffusion models are probabilistic models. They are trained [343] by optimizing the negative

log-likelihood of the model distribution under the expectation of the data distribution. Further

simplification of the equation for formulating the training loss function involves variance reduction.

In the first step of finetuning, the diffusion model is being trained to reproduce the source image

given the optimized text embedding, irrespective of the input random noise. Hence, it has a

natural bias towards the source image.

When the image space corresponding to the target text embedding is in the vicinity of the

image space corresponding to the optimized text embedding, consistent with the variance within

which the neural network was trained to generate, the generated target image is a high fidelity

image consistent with the target text. When the desired transformation is large (ground-to-aerial),

outside the limits of the variance, the diffusion model is unable to generate an aerial image.

Postulate 2. A finetuned diffusion model cannot generalize well to the target prompt if the text

embedding and image spaces corresponding to the source and the target are very different and far

away from each other on the nonlinear text-image embedding manifold.

The embedding space and the corresponding image representation space are locally linear.
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Figure 6.4: Results. We apply Aerial Diffusion on diverse images such as animals/ birds, natural
scenes, human actions, indoor settings, etc and show that our method is able to generate high-
quality high-fidelity aerial images.
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Hence, when the target text embedding dictates a relatively small change to the source image, a

linear combination between the optimized text embedding and the target text embedding generates

a high-fidelity target image, faithful to the target text. In contrast, when a linear interpolation of

the text prompts is applied to ground-to-aerial translation, depending on α, the images generated

are either high fidelity (but low target text faithfulness) or high target text faithfulness (but low

fidelity). Moreover, the ground-view image doesn’t gradually change to an oblique-view image

followed by aerial-view image, the manifold is not smooth. Rather, the change is quite drastic

and it is difficult to find an optimal solution in the linear interpolation space. Essentially, when

there is a large perspective changes from the source to target images (i.e. involving large rotation

of camera poses), the image representation space is no longer “locally linear”, thereby linear

interpolation is no longer adequate to generate high-fidelity images.

6.2.2 Method

Motivated by the challenges described above, we propose Aerial Diffusion for text guided

single-image ground-to-aerial translation. An overview of our solution is as follows. We start

with a pretrained robust stable diffusion [284] model as the backbone. Our method has three

stages. In the first step, we preprocess the ground-view image IS with a carefully crafted homography

transformation to generate ISh. This reduces the bias in the finetuning step. In the second step, we

finetune the diffusion model by first optimizing the text-embedding within the vicinity of esrc to

find eopt that best generates ISh. Subsequently, we finetune the diffusion model to reconstruct ISh,

given eopt. In the third step on inferencing/sampling, we use an alternating strategy to manipulate

the text embedding layer to generate a high-fidelity aerial image IT . Next we describe each step
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in detail.

Step 1: Preprocessing using a homography transformation. The bias acquired by the diffusion

model during the second step of finetuning inhibits large transformations. One way to decrease

the bias is to reduce the number of iterations while finetuning. However, this leads to unsurprisingly

low quality generated images. To decrease the bias while finetuning, we preprocess the ground-

view image by transforming it with a 2D homography transformation [344] (inverse perspective

mapping). This homography projects the ground-view image to its rough 2D projected aerial

view. Note that we are unable to use a 3D homography mapping to obtain the 3D aerial view

projection, a better pseudo estimate of the aerial view, due to the unavailability of camera matrix,

multi-views, depth information, etc. On the other hand, depth estimation methods [345] increase

the complexity of the problem.

Without loss of generality, the 2D image captured by a ground-camera can be regarded as

the projection of the scene in the front-face of the cube. A camera facing the top face of the cube

will be able to capture the accurate 2D aerial view of the scene. Since we have no knowledge of

the camera parameters corresponding to the ground-view image, we are unable to shift the camera

to obtain a different view of the scene. With respect to the ground-camera, the 2D projection of

the front-face of the cube on the bottom face of the cube is the best ‘aerial projection’ that we

can get (inverse perspective mapping [344]). This aerial projection is nowhere close to the true

aerial view and does not resemble the ground-view either. Hence, when the diffusion model is

finetuned, the bias is much lower than what it would have been if the optimization/finetuning

were done directly with the ground-view image. This is because of the disparities between the

image space of ISh and esrc/ etgt, ingrained in the pretrained network. Moreover, it provides a
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pseudo estimate of the direction in which the image needs to be transformed in order to generate

its aerial view at the inference stage.

We maintain the horizontal and vertical distance between the edges of the faces in the

ground view and its projected aerial view, to better preserve the resolution and the aspect ratio.

Formally, the coordinates (in order) of the corners of the ground-view image and the homography

projected image are {(0, 0), (H, 0), (H,W ), (0,W )} and {(0,W ), (H, 0), (H,W ), (0, 2W )} respectively.

The homography can then be computed and applied.

Step 2: Finetuning the diffusion model. We first optimize the text-embedding [8, 283] to generate

ISh and subsequently finetune the diffusion model using eopt to generate ISh. In contrast to

popular text-based image editing approaches that find the optimized text embedding eopt in the

vicinity of the target text embedding etgt, we find eopt in the vicinity of the source text embedding

esrc. This is due to two reasons: (i) the disparity between the homography transformed view and

the target text is still large (though much smaller than the disparity between the ground-view and

target text). Hence, it is unlikely that a good eopt will be obtained when the optimization is run

(around etgt) for a limited number of iterations. (ii) we do not want the network to develop a bias

towards the homography image as the ‘aerial view’.

To find eopt, we freeze the parameters of the generative diffusion model fθ and optimize

esrc using the denoising diffusion objective [343]. This optimization is run for a small number

of iterations, in order to remain close to esrc for meaningful embedding space manipulation at

inferencing.

min
eopt

0∑
t=T

L(f(xt, t, eopt; θ), ISh), (6.2)

where f(x, t, y) is the t-th backward diffusion step, θ denotes the U-net parameters, and
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Figure 6.5: Effect of α. Low values of α generate images that are less aerial, high values of
α generate low-fidelity images. A trade-off between the viewpoint and fidelity generates high-
fidelity aerial images. The transformation, with α, is not smooth, reinforcing Postulate 2.

L is the denoising diffusion objective. To enable eopt reconstruct the ISh with high fidelity, we

finetune the diffusion model, again using the denoising diffusion objective [8, 303, 343]:

min
etheta

0∑
t=T

L(f(xt, t, eopt; θ), ISh). (6.3)

Step 3: Inferencing/ sampling by text embedding manipulation. Our next step is to use the

finetuned diffusion model to generate a high-fidelity aerial image. Prior work [8, 283] use linear

interpolation between the optimized text embedding eopt and the target text embedding etgt.

Linear interpolation is not the best solution for large transformations such as ground-to-aerial

generation and is unable to generate high-fidelity aerial images.

Sampling from stable diffusion [284] involves iteratively denoising the image for T steps

conditioned by text, starting with random noise. To deal with the aforementioned issues, we

137



propose to alternate between two text embeddings e1 and e2, starting with e1. We designate

e1 as the target text embedding etgt. This imposes a strong constraint on the diffusion model

to generate an aerial view image corresponding to the text description. The bias of the diffusion

neural network motivates the network to generate an image whose details are close to the ground-

view image. However, merely relying on the bias of the neural network to capture all details of

the scene is severely insufficient. Hence, we designate e2 to be the linear interpolation of eopt

and etgt, controlled by the hyperparameter α. The linear interpolation can be mathematically

represented as e2 = α ∗ etgt + (1 − α) ∗ eopt. e2 enables the network to generate a high fidelity

image while retaining the aerial viewpoint. For very low values of α, the generated image is less

aerial, despite reinforcing the viewpoint to be aerial by applying e1 alternatingly. This is because

of the bias of the neural network. Very high values of α result in low fidelity images, some details

of the generated aerial image are not consistent with the ground-view image. An optimal solution

is by tuning α.

Linear interpolation enforces the generation of an image consistent with a text embedding

in the linear space between eopt and etgt. This is a reasonable when the desired change is small:

when the image spaces corresponding to eopt and etgt are closeby, linear interpolation works due

to local linearity. When the desired change is large (such as ground-to-aerial translation), the

image spaces corresponding to eopt and etgt are not nearby. Since the representation spaces are

not globally linear, it becomes essential to search for the solution in a much higher dimensional

non-linear space. This is achieved by our alternating strategy. The pseudo code for the alternating

strategy is given below.

While the sampling repetitively alternates between e1 and e2, it is more beneficial to use e1

(over e2) at the first iteration. When the diffusion process starts with e1, the network generates

138



Figure 6.6: Based on the text description, Aerial Diffusion can generate aerial views with scene
entities slightly different from the ground-view. The hallucination of background and unseen
parts of the scene can also be controlled by text.

starts by generating an aerial image with details weakly dictated by its bias. Subsequent iterations

that alternate between e2 and e1 fortify the generation of a high fidelity aerial image. On the

contrary, when the diffusion process starts with e2, the generated image in the first iteration is

less aerial though with very high fidelity. The bias, along with eopt serve as a strong prior towards

a non-aerial viewpoint. Subsequent iterations that use e1 are unable to overcome this strong prior

to alter the viewpoint to aerial view. Hence, we start inferencing with e1.

6.3 Experiments and Results

6.3.1 Implementation details

We use the stable diffusion [284] text-to-image model as the backbone architecture. It has

been pretrained on the massive text-image LAION-5B dataset (laion2B-en, laion-high-resolution,

laion-improved-aesthetics). Prior to the homography transformation, we resize all images to a

resolution of 256× 256. We use OpenCV to apply the homography transformation on the image

to generate a homography transformed image of resolution 512× 512, which is used to optimize

the text embedding and the diffusion model in the next step. We finetune the text embedding for
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Figure 6.7: Ablations and Comparisons. Ablations: we prove the effectiveness of the
homography, our alternating strategy over linear interpolation and finetuning with esrc instead
of etgt. SOTA Comparisons: IMAGIC [8] (CVPR 2023) is unable to generate aerial views due
to high bias towards the input image, domain gap and restricting the solution search to the linear
interpolation manifold. Comparisons with other embedding space manipulation strategies that
utilize both e1 and e2 reveal that our Alternating strategy is better.

500 iterations with a learning rate of 1e − 3 using the Adam optimizer, and the diffusion model

for 1000 iterations at a learning rate of 2e − 6. For each image, this entire optimization takes

between 8 and 9 minutes on one NVIDIA RTX A5000 GPU with 24GB memory.

While sampling/inferencing using the finetuned diffusion model, we iteratively refine the

image, starting with random noise, for T = 50 iterations. At every iteration, the diffusion model

is applied on the refined image from the previous iteration, as per the standard procedure [343] in

sampling from diffusion models. The text embedding condition, while sampling at each iteration,

alternates between e1 and e2, starting from e1. The guidance scale is set to 7.5.

6.3.2 Qualitative evaluation

We apply our method on a number of real images from various domains including nature,

human actions, buildings, etc. We collect most of these images from Google Images/ Flickr.
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Figure 6.8: Failure cases. A. The identity of the dog and cat is interchanged. B. The fidelity of
the background (bed) is lost.

Aerial images can be captured from varying heights and angles (including side/oblique views).

We do not constrain the network on the height/ angle, hence, the diffusion model generates an

aerial image of arbitrary height/ angle dictated by the random noise. For each image, we choose

the best result corresponding to 0 < α < 1. Aerial Diffusion is successful in generating the aerial

view, given its ground-view. It is able to hallucinate the aerial view of the entities in the scene

(encompassing unseen aspects) as well as the background; while being faithful to the details in

the ground-view. Since the underlying diffusion model is probabilistic, we get different results

for different random seeds, all the generated images are faithful to the details in the ground-view

as well as conform to the viewpoint being aerial. This diversity allows users to choose among a

variety of options and is also a useful property in curating synthetic datasets.

More applications. We show that our method is capable of generating aerial views consistent

with the text description, even when the text dictates an aerial view with scene entities slightly

different from the ground-view. Moreover, background hallucination can be controlled by the

text description as well.

Effect of α. The finetuned diffusion model has high bias towards the ground-view image. Hence,

the value of α needs to be carefully tuned in order to generate a high fidelity aerial image. A low

value of α implies higher weight to the optimized text embedding and low weight to ‘aerial view’.
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This leads to the generated image being very similar to the homography image, the viewpoint of

the generated image is less aerial. A high value of α implies higher weight to ‘aerial view’. The

generated image is an aerial image, though with low fidelity. While the details in the generated

aerial image are not completely different from the details in the ground-view image, due to the

bias of the finetuned diffusion model, the fidelity or conformance to details contained in the

ground-view image is still low. A good trade-off between fidelity w.r.t. ground-view image and

‘aerial view’ is achieved at mid-values of α. The change from ground-view to aerial-view as α

varies from 0 to 1 is not gradual, reinforcing Postulate 2.

6.3.3 Ablations and comparisons

Ablating the model. Ablation 1 uses the ground-view image instead of the homography transformed

image to finetune the diffusion model. It proves that the homography transformation is successful

in significantly lowering the bias of the model and helps generate aerial views, reinforcing our

solution to Postulate 1. Ablation 2 uses linear interpolation for sampling instead of our alternating

strategy. Results with the alternating strategy are better (high fidelity images with faithfulness to

‘aerial view’) than the results with linear interpolation, justifying our solution to Postulate 2.

Ablation 3 finds eopt in the vicinity of etgt instead of esrc. Generated images are more aerial when

eopt is optimized in the vicinity of esrc, proving that it helps in reducing the bias.

SOTA Comparisons. We compare with IMAGIC [8] (CVPR 2023), DreamBooth [340] (CVPR

2023), SINE [283], SOTA text-based single image translation methods. Our method is far

superior than prior art for ground-to-aerial translation, which are is unable to effectively perform

ground-to-aerial translation due the high bias incurred while finetuning and searching for the
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solution in a limited linear interpolation space.

Comparisons with other text embedding manipulation methods. We compare with other

strategies to manipulate the text embedding space using e1 and e2. In manip1, we condition on

e2 and e1 alternatingly, starting from e1. Clearly, it is more beneficial to start sampling from e1

as explained in Section 6.2.2. In manip2, we use just e1 (text embedding corresponding to aerial

view) to sample and rely on the bias of the network to generate the aerial image. Our alternating

sampling method is able to generate higher fidelity aerial images. In manip3, for the first T/2

iterations, we sample using e1 and for the second T/2 iterations, we sample using e2. In manip4,

for the first T/2 iterations, we sample using e2 and for the second T/2 iterations, we sample

using e1. These experiments prove that our alternating sampling strategy works best.

Quantitative evaluation - user study. Text guided single image ground-to-aerial translation is

a recent development, and Aerial Diffusion is the first solution towards this goal. As such, no

standard benchmark (and ground-truth) or quantitative metrics exist for evaluation. We evaluate

Aerial Diffusion via human perceptual evaluation and observe that Aerial Diffusion is able to

generate high-fidelity aerial images. We conduct the following types of evaluation:

1. Image Quality: Given a ground-view image and an aerial-view image generated using

Aerial Diffusion, we ask participants to determine if the generated aerial-view image is

a high-fidelity (w.r.t. ground-view image) aerial-view image; and rate the image on the

5-point Likert scale. The average rating over 10 images (rated by 49 participants) is 3.289.

2. Alternating Sampling: Given a ground-view image and two aerial-view images generated

using Aerial Diffusion and Ablation 2 (i.e. Aerial Diffusion without the Alternating Sampling

method) respectively, we ask participants to choose the better high-fidelity aerial-view
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image. 83.05% of the participants rate the image generated using Aerial Diffusion as the

one with higher quality.

3. Reference for Aerial Diffusion: Given a ground-view image and two aerial-view images

generated using Aerial Diffusion and Ablation 3 (Aerial Diffusion with etgt instead of esrc

while training) respectively, we ask participants to choose the higher fidelity aerial-view

image. 78.125% of the participants rate the image generated using Aerial Diffusion as the

one with higher quality.

Quantitative evaluation - metrics. Our method uses prior knowledge (from robust pretraining),

along with the knowledge gained while finetuning, to generate aerial images. It hallucinates large

parts and views of the scene that it has not encountered before. Hence, comparisons against other

ground-to-aerial methods [26, 279, 307, 314], that learn a specific data distribution by training

on (an entire dataset with) paired data (and auxiliary information such as depth, semantic maps)

is not relevant. In line with prior work [8, 273, 282, 283, 340] on text-based image translation,

we report two metrics: (i) LPIPS to evaluate fidelity of aerial image w.r.t. ground-view image -

the average score for 1− LPIPS is 0.352 (higher, the better). However, similarity scores (such

as FID, LPIPS) compute patch-wise image similarity and the aerial view is much different from

the ground-view. No better evaluation strategy is available and is a direction for future work. (ii)

CLIP score to evaluate the alignment of the generated aerial image with the text (dictating the

viewpoint to be aerial) - the average CLIP score is 0.3233 (higher, the better). For reference, text-

based image-editing methods such as Imagic [8] (CVPR 2023) and DreamBooth [340] (CVPR

2023) achieve CLIP scores of 0.25 to 0.3 on image editing dictating far lesser change than front-

to-aerial translation.
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6.4 Conclusion, Limitations and Future Work

In this chapter, we introduce a novel method, Aerial Diffusion, for generating aerial views

from a single ground-view image using text as a guiding factor. We use homography as guidance

and a diffusion model on the generated image with an alternating denoising direction based on

switching between viewpoint text embedding and fidelity of the generated images. Our method

has some limitations. Our method has some limitations: (i) the homography transformation

results in a directional (diagonal) bias in the generated aerial image in many cases; (ii) it is limited

to the knowledge contained in the pretrained stable diffusion model and is unable to hallucinate

scenes [346] outside of this domain; (iii) the value of α in sampling needs to be manually tuned;

(iv) the problem domain of unpaired ground-to-aerial does not have concrete quantitative analysis

metrics. Future work can focus on the development of methods that overcome these limitations.

Other directions include extending Aerial Diffusion to complex scenes with multiple objects

(and an intricate background), generating higher-fidelity images, extending the method to videos,

using the synthetic aerial data for aerial video analysis, detection, and recognition tasks.
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Chapter 7: HawkI: Homography and Mutual Information Guidance for 3D-free

Single Image to Aerial View

Widely available text-to-image models such as Stable Diffusion [284], trained on large-

scale text and 2D image data, contain rich knowledge of the 3D world. They are capable of

generating scenes from various viewpoints, including aerial views. However, due to limitations of

the expressiveness of the text, we may not be able to completely describe the precise scene that we

wish to generate. Moreover, the generative capabilities of the pretrained model is constrained by

the aerial-view images in the dataset that it was trained on, which is typically limited. Consequentially,

along with text, it is beneficial to use an easily available representative front-view image describing

the aerial view of the scene we wish to generate. The task of generating aerial-view images

from a given input image and its text description finds applications in the generation of realistic

diverse aerial view synthetic data for improved aerial view perception tasks [22, 197, 216, 276,

347], and weak supervision for cross-view synthesis applications [308] such as localization and

mapping [348], autonomous driving [349], augmented and virtual reality [350], 3D reconstruction [351],

medical imaging [352], drone-enabled surveillance [353].

Aerial-view images corresponding to text and an input image can be sampled using text-to-

3D and novel view synthesis (NVS) [9, 354]. These methods sample different camera viewpoints

by explicitly specifying the camera angle. However, they often need to trained on enormous,
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Figure 7.1: HawkI generates aerial-view images from a text description and an exemplar input
image. It builds on a text to 2D image stable diffusion model and does not require any additional
3D or multi-view information at fine-tuning or inference.

large-scale datasets with 3D details and scenes from multiple views. Is it possible for text-

to-image(2D) diffusion models to generate aerial-view images without any multi-view or 3D

information?

Another closely related task is image editing [355] and personalization [28], where the

goal is to use an input image and a target text to generate an image consistent with both inputs.

These methods are generally successful in performing a wide range of non-rigid transformations

including text-controlled view synthesis. However, the large translation required for aerial view

synthesis makes them sub-optimal [354]. This is due to bias-variance trade-off issues, even

more amplified when only a single input image is provided. Aerial Diffusion [356] attempted

to alleviate this bias-variance trade-off, but at the cost of per-sample hyperparameter tuning,

residual diagonal artifacts in many of the generated images arising from direct finetuning on sub-

optimal homography projections and severe performance drops on complex scenes with multiple

objects.
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Main contributions. We propose HawkI for aerial view synthesis, guided by text and a single

input image. Our method leverages text-to-image diffusion models for prior knowledge and

does not require any 3D or multi-view data. Since explicitly specifying camera details in text

descriptions isn’t always possible, similar to prior work on text-based viewpoint generation [28,

356], we consider any generated image with a significantly higher viewpoint and altitude compared

to the original image to be an aerial view. HawkI fuses techniques from classical computer vision

and information theory within a stable diffusion backbone model to guide the synthesis of the

aerial-view image. The key novel components of our algorithm include:

1. Test-time optimization: This step enables the model to acquire the characteristics of the

input image, while maintaining sufficient variability in the embedding space for aerial-

view synthesis. We condition the embedding space by sequentially optimizing the CLIP

text-image embedding and the LoRA layers corresponding to the diffusion UNet on the

input image and its Inverse Perspective Mapping (IPM) homography transformation in

close vicinity. In addition to creating variance, IPM provides implicit guidance towards the

direction of transformation for aerial-view synthesis.

2. Mutual Information Guided Inference: This step generates a semantically consistent

aerial-view image while accounting for viewpoint differences. Unlike conventional approaches [357,

358] that rely on restrictive pixel-level constraints (often ineffective for different viewpoints),

we propose a mutual information vastly guidance formulation. Mutual information guidance,

rooted in information theory, ensures consistency between the contents of the generated

image and the input image by maximizing the information contained between the probability

distributions of the input image and the generated aerial image.
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Our method performs inference-time optimization on the given text-image inputs and does not

require a dataset to train on, hence, it is easily applicable to any in-the-wild image. To test our

method, we collect a diverse set of synthetic images (from Stable Diffusion XL) and real images

(from Unsplash), spanning across natural scenes, indoor scenes, human actions and animations.

Qualitative and quantitative comparisons with prior work, on metrics such as CLIP [336] (measuring

viewpoint and text consistency) and SSCD [359], DINOv2 [360] (measuring consistency w.r.t.

input image), demonstrate that HawkI generates aerial-view images with a significantly better

viewpoint-fidelity (or bias-variance) trade-off. We also present extensive ablation experiments

and comparisons with 3D-based novel-view synthesis methods highlighting the benefits of our

3D-free classical guidance approaches. Our method can also be extended to generate more views

that can be text-controlled (such as ‘side view’, bottom view’, ‘back view’), as evidenced by our

results.

7.1 Related work

3D and novel view synthesis. Novel view synthesis [322, 323, 361] from a single image

is an active area of research in generative AI. Many methods [362, 363, 364, 365] use NeRF

based techniques. Nerdi [366] use language guidance with NeRFs for view synthesis. Many

recent methods use diffusion [9, 10, 367, 368, 369, 370, 371, 372] to sample different views. 3D

generation methods [354, 373, 374, 375, 376] use text to guide the reconstruction. All of these

methods use large amounts of multi-view and 3D data for supervised training. Methods like

Zero-1-to-3 [9] and Zero-123++ [10] use a pretrained stable diffusion [284] model, along with

large data for supervised training, to learn different camera viewpoints. 3D-free methods such as
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Free3D [377] still require multi-view and 3D information while training.

Warping, scene extrapolation and homography. Scenescape [378], DiffDreamer [379] and

similar methods [322, 380, 381] estimate a depth map, reproject the pixels into the desired camera

perspective and outpaint the scene. Again, these methods require 3D and multi-view information

at training stage. Using a homography to estimate the scene from an aerial perspective is highly

inaccurate, hence, attempting to create realistic aerial view images by simply filling in missing

information based on the homography (outpainting) leads to poor outcomes. Homography maps

have also been used in various deep learning based computer vision solutions [382, 383, 384,

385, 386].

Image editing/ personalization. Diffusion models have emerged as successful tools for single

image editing and personalization. Methods such as DreamBooth [28], DreamBooth LoRA [333],

HyperDreamBooth [387], Textual Inversion [334], Custom Diffusion [388] are able to generated

personalized images of subjects. Image editing methods such as Imagic [355], Paint-by-Example [389],

ControlNet [390], DiffEdit [391] are able to edit images to perform non-rigid transformations

and also use exemplar signals for guidance. However, these methods can either generate aerial

images with low fidelity w.r.t. the input image or generate high-fidelity images with viewpoints

very close to the input image.

Cross-view synthesis. Prior work on cross-view synthesis [26, 27, 279, 280, 306, 307, 308,

309, 310, 311, 312, 313, 314, 315, 316] are data intensive - they use paired data and modalities

such as semantic maps, depth, multi-views, etc within their architectures. Aerial Diffusion [356]

uses text and an exemplar image for the task by alternating sampling between viewpoint and

homography projects. However, the generated images have diagonal artifacts with poor quality

results for complex scenes that typically contain more than one object and requires manual per-
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Figure 7.2: Overview. HawkI generates aerial-view images, using a text description and a single
image IS as supervisory signals. It builds on a pretrained text-to-image diffusion model, and
does not use any 3D or multi-view information. It performs test-time finetuning to optimize
the text embedding and the diffusion model to reconstruct the input image and its inverse
perspective mapping in close vicinity. Such a mechanism enables the incorporation of image
specific knowledge within the model, while retaining its imaginative capabilities (or variance).
At inference, HawkI uses mutual information guidance to maximize the information between the
probability distributions of the generated image and IS , to generate a high-fidelity aerial-view
image.

sample hyperparameter tuning.

Guidance techniques in diffusion. Guidance methods [293, 357, 392, 393] have been used

to control and guide diffusion denoising towards semantic maps, image classes, etc. These

guidance techniques cannot enforce view-invariant image-image similarity, critical for aligning

the contents in two images with vastly different viewpoints.

7.2 Method

We present HawkI to generate aerial view images using a single input image IS and its text

description tS (e.g. ‘a cosy living room’, can be obtained using the BLIP-2 model [394]). We

do not use any training data or 3D/multi-view data. We leverage the pretrained text-to-2D image

stable diffusion [284] model to serve as a strong prior, and utilize classical computer vision and

information theory principles to achieve the desired goal in a holistic manner.

• Test-time optimization: We perform multi-step test-time optimization to incorporate the

input image IS within the pretrained model, at an appropriate bias-variance trade-off.
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Specifically, we optimize the CLIP text-image embedding and the LoRA layers in the

diffusion UNet sequentially on the input image and its inverse perspective mapping, in

close vicinity. This additionally conditions the embedding space viewpoint transformations,

along with acquiring the characteristics of the input image.

• Inference: To generate the aerial-view image, we use the target text description tT , that

takes the form ‘aerial view, ’ + tS (e.g. ‘aerial view, a cosy living room’). To ensure

that the generated aerial image is semantically close to the input image, we use mutual

information guidance.

Next, we describe our method in detail.

7.2.1 Test-time optimization

The text-to-2D image stable diffusion model has knowledge of the 3D world as a consequence

of the large amount of diverse data it has been trained on. It understands [13] different viewpoints,

different styles, backgrounds, etc. Image editing and personalization methods such as DreamBooth [28],

DreamBooth LoRA [333], Imagic [355], SVDiff [395] exploit this property to perform transformations

such as making a standing dog sit and generating its image in front of the Eiffel tower. At a high

level, the standard procedure adopted by these methods to generate edited or personalized images

is to finetune the model on the input image, followed by inferencing. These methods are however

not very successful in text-guided aerial view synthesis, which demands a large transformation.

Specifically, directly finetuning the diffusion model on eS to reconstruct IS results in severe

overfitting, where eS is the CLIP text embedding for tS . This makes it difficult for the model to

generate large variations to the scene required for aerial view synthesis.
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We propose a four-step finetuning approach to enable the model to learn the characteristics

of IS , while ensuring sufficient variance for aerial view generation.

7.2.1.1 Optimization using IS:

In the first step, we start from eS and compute the optimized CLIP text-image embedding

eopt to reconstruct IS using a frozen diffusion model UNet using the denoising diffusion loss

function L [343].

min
eopt

0∑
t=T

L(f(xt, t, eopt; θ), IS), (7.1)

where t is the diffusion timestep and xt is the latents at time t. This formulation allows us to find

the text embedding that characterizes IS better than the generic text embedding eS .

Next, to enable eopt accurately reconstruct IS , we optimize the diffusion UNet using the

denoising diffusion objective function. Note that we insert LoRA layers within the attention

modules in the diffusion UNet and finetune only the LoRA layers with parameters θLoRA, the rest

of the UNet parameters are frozen,

min
θLoRA

0∑
t=T

L(f(xt, t, eopt; θ), IS). (7.2)

While optimizing eopt instead of eS to reconstruct IS ensures lesser bias (or more variance), the

embedding space is still not sufficiently conditioned to generate an aerial view of the image.
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7.2.1.2 Optimization using inverse perspective mapping.

Inverse perspective mapping (IPM) [344] is a homography transformation from classical

computer vision to generate the aerial-view of an image from its ground-view. Despite not being

accurate, it can provide pseudo weak supervision for the generation of the aerial image and also

add more variance to the embedding space. We denote the inverse perspective mapping of the

input image by IH , computed following [356]. We perform the following optimization steps to

condition the embedding space towards the desired viewpoint transformation. To find the text

embedding eH that best characterises IH , we start from eopt and optimize the text embedding

with a frozen diffusion model. Finding eH in the vicinity of eopt instead of eS ensures that

the text-image space corresponding to eS doesn’t get distorted to generate the poor quality IPM

image. Next, we finetune the diffusion model using the denoising diffusion objective function to

reconstruct IH at eH . Again, only the LoRA layers are finetuned, the rest of the UNet is frozen.

Note that we find eopt and eH by optimizing eS and eopt, respectively for a small number

of iterations. We need to ensure that eS , eopt and eH are all in close vicinity. Our finetuning

approach conditions the embedding space to encapsulate the details of IS and viewpoint, while

having sufficient variance to generate large transformations required for the generation of the

aerial image.

7.2.2 Mutual Information Guided Inference

Our next step is to use the finetuned diffusion model to generate the aerial view image for

the text prompt tT . The text embedding for tT is eT . Diffusion denoising, conditioned on eT is

capable of generating aerial images corresponding to IS . However, oftentimes, the contents of the
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generated aerial view image does not align well with the contents of IS . Consequently, to ensure

high fidelity generations, our goal is to guide the contents of the aerial view image towards the

contents of IS .

Similarity measures such as L1 distance, cosine similarity are capable of providing this

guidance. However, they are not invariant to viewpoint/ structure. Since we want the two images

to be similar (while observed from different viewpoints), using metrics that impose matching at

the pixel (or feature) level is not the best approach. Rather, it is judicious to use the probability

distribution of the features.

In information theory, mutual information quantifies the ‘amount of information’ obtained

about one random variable by observing the other random variable. Mutual information has been

used [396, 397, 398, 399] to measure the similarity between images in various computer vision

tasks such as medical image registration, frame sampling, etc. It yields smooth cost functions for

optimization [400]. The mutual information between two probability distribution functions (pdf)

p(x), p(y) for two random variables X ,Y is defined as I(X ,Y) = H(X ) + H(Y) − H(X ,Y)

where H(X ), H(Y) are the entropies of p(x), p(y) and H(X ,Y) is the joint entropy. Entropy of

a random variable X is a measure of its uncertainity, H(X ) = −
∑

x∈X pX(x)log(pX(x));

H(X ,Y) = −
∑

(x,y)∈X ,Y

pXY (x, y)log(pXY (x, y)).

Thus,

I(X ,Y) = −
∑

(x,y)∈X ,Y

pXY (x, y)
log(pXY (x, y))

pX(x)pY (y)
.

Hence, mutual information, in some sense, measures the distance between the actual joint distribution
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between two probability distributions and the distribution under an assumption that the two

variables are completely independent. Thus, it is a measure of dependence [401] and can be used

to measure the information between two images. In order to maximize the similarity in content

between IS and the generated aerial image, we maximize the mutual information between them.

We define our mutual information guidance function as follows.

Let zt denote the predicted latents at timestep t. We denote z0,t as the latents of the final

predicted image extrapolated from zt i.e. if the denoising were to proceed in a vanilla fashion

in the same direction that computed zt, the latents of the final predicted image would be z0,t.

At every step of sampling (except the final step), we wish to maximize the mutual information

between z0,t and zS where zS are the latents corresponding to IS . Hence, the guidance function

we wish to maximize is, GMI = I(z0,t, zS).

The computation of mutual information requires us to compute the marginal and joint

probability density functions (pdf) of z0,t and zS . We construct 2D histograms of the latents

(by reshaping the latents of size C × H ×W into C × HW ) and compute their marginal pdfs.

The joint pdfs can then be computed from the marginal pdfs, which can be plugged into the

formula for mutual information. Our next task is to use GMI to guide the generation of the aerial

image.

Guidance techniques such as classifier-free guidance [392], universal guidance [357] and

steered diffusion [393] modify the sampling method to guide the image generation with feedback

from the guidance function. The gradient of the guidance function w.r.t. the predicted noise

at timestep t is an indicator of the additional noise that needs to be removed from the latents

to steer the generated image towards the guidance signal. Synonymously, the gradient of the

guidance function w.r.t. the predicted latents is an indicator of the direction in which the latents
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Figure 7.3: Compared to state-of-the-art text + exemplar image based methods, HawkI is able
to generate images that are “more aerial”, while being consistent with the input image. The top
three images are from the HawkI-Syn dataset, the bottom three images are from the HawkI-Real
dataset.

need to move in order to maximize their alignment with the guidance function. Specifically,

at every step of sampling (except the final step), we modify the predicted latents zt as ẑt =

zt−λMI∇zt(−1∗GMI). Note that we use the negative of the mutual information to compute the

gradients since we want to maximize the mutual information between the generated latents and

the input image.
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Figure 7.4: HawkI achieves the best viewpoint-fidelity trade-off amongst prior work on text +
exemplar image based aerial-view synthesis, on various quantitative metrics indicate of text-
alignment (for viewpoint and a broad description of the scene) and image alignment (for fidelity
w.r.t. input image).

7.3 Experiments and Results

Data. We collect a synthetic dataset, HawkI-Syn and a real dataset, HawkI-Real. Both datasets

contain images across a wide variety of categories including indoor scenes, natural scenes, human

actions, birds/ animals, animations, traffic scenes and architectures. HawkI-Syn contains 500

images that were generated using Stable Diffusion XL [402]. To generate the text prompts for

the generated images in HawkI-Syn, we used Large Language Models (LLMs) such as ChatGPT

and Bard. HawkI-Real contains 139 images downloaded from the Unsplash website, the text

descriptions for these images were obtained using the BLIP-2 [394] model.

Training details. We use the stable diffusion 2.1 model in all our experiments, ablations and

comparisons. All our images (except for images in HawkI-Real) are at a resolution of 512× 512.

With respect to IS , we train the text embedding and the diffusion model for 1, 000 and 500

iterations respectively, at a learning rate of 1e− 3 and 2e− 4 respectively. Using 1000 iterations

to optimize the text embedding ensures that the text embedding eopt at which IS is reconstructed

158



is not too close to eS , which would make it biased towards IS otherwise. Similarly, it is not too

far from eS either, hence the text embedding space learns the characteristics of IS . With respect

to IH , we train the text embedding and the diffusion UNet for 500 and 250 iterations respectively.

We want eH to be in close vicinity of eopt; we train the diffusion model for just 250 iterations

so that the model does not completely overfit to IH . The role of IH is to create variance and

provide pseudo supervision, it is not an accurate approximation of the aerial view. We set the

hyperparameter for mutual information guidance at 1e − 5 or 1e − 6, the inference is run for 50

steps.

Computational cost. For each input image, HawkI takes 3.5 minutes to perform test-time optimization

on one NVIDIA A5000 GPU with 24 GB memory. The inference time is consistent with that

of Stable Diffusion, about 7 seconds to generate each sample with 50 denoising steps. The

computational cost is on par with text-based image personalization [28, 355] and text-based

aerial-view synthesis [356] methods. The number of network parameters is also consistent across

all these models, we use the Stable Diffusion v2.1 + LoRA backbone across methods.

Quantitative evaluation metrics. We follow prior work on text-based image editing/ personalization

and text-based view synthesis to evaluate our method:

• Viewpoint and text alignment: We use the text description ‘aerial view, ’ + tS and ‘aerial

view’, along with the generated image, to compute the CLIP-Score [336] and the A-CLIP

Score respectively. The former indicates alignment of the generated image with the detailed

textual description of the image describing the contents along with the viewpoint; the latter

focuses more on the viewpoint.
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• Image fidelity and 3D coherence: To evaluate the overall alignment of the contents of

the generated aerial-view image with the input image, we compute the CLIP-I score [28]

which measures the cosine similarity between the embeddings of the aerial-view image

and the input image in the CLIP space. For a better indicator of the fidelity and 3D

coherence between the two images, we also use the self-supervised similarity detection

metrics, DINOv2 [360, 403] and SSCD [359].

• Top-1 accuracy on a downstream UAV task.

• Ground-truth comparison with images sampled from 3D models using CLIP, LPIPS, and

DINO metrics.

Higher values are desired for each of these metrics. Viewpoint faithfulness and fidelity w.r.t input

image are a direct result of the bias-variance trade-off of the model, and high values for both

are desired. However, as noted by Blau et. al. [404], maximizing both is not straightforward;

inevitably one of the factors will degrade in response to the improvement in the other. For each

input image, we generate 5 aerial images, with random noise initializations, and choose the image

with the highest CLIP + SSCD score (since CLIP is an indicator of viewpoint + content alignment

and SSCD score measures the fidelity w.r.t. the input image).

7.3.1 Comparisons against text + exemplar image based methods

We compare our method with DreamBooth LoRA [28], a text-based image personalization

method; Imagic LoRA [355], a text-based image editing method; and Aerial Diffusion LoRA [356],

a method for text-based aerial image generation from a single image. We keep the backbone

stable diffusion model, image prompts, training details, and evaluation method consistent across
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Figure 7.5: (Left figure.) Ablation experiments show that Inverse Perspective Mapping helps
in the generation of images that are aerial, mutual information guidance helps in preserving the
contents w.r.t. input image. (Right figure.) We compare with latest related work on novel view
synthesis: Zero-1-to-3[9] and Zero123++ [10]. Both methods use the pretrained text-to-2D-
image stable diffusion model along with the 800k 3D objects dataset, Objaverse [11], for training.
Our method uses just the pretrained text-to-2D-image stable diffusion model to generate better
results for the task of aerial view synthesis, guided by text and a single input image.

all comparisons.

We show qualitative results in Figure 9.3. Our method is able to generate aerial views as

per input image guidance across a diverse set of scenes. Our method generates results that are

more aerial in viewpoint than DreamBooth and Imagic, while being largely consistent with the

contents of the input image. Aerial Diffusion is unable to generate good quality images of scenes

that have many objects. Our method is able to deal with complex scenes as well as modify the

viewpoint.

We show the quantitative results in Figure 7.4. Our method achieves a higher CLIP score

than all prior work, indicating that it is able to generate an aerial view of the scene with contents

dictated by the text better than prior work. The A-CLIP score achieved by our method is higher

than that of DreamBooth and Imagic, indicating better conformance to the aerial viewpoint. Even

though the A-CLIP score of HawkI is lower than than of Aerial Diffusion, Aerial Diffusion

generates poor quality images for scenes with more than one object and also has diagonal artifacts

in its generated images, as we observe from the other metrics and qualitative results, thus,

161



offsetting its high A-CLIP Score.

CLIP-I and self-supervised metrics such as SSCD and DINO are not viewpoint invariant.

In many cases, since Imagic and DreamBooth generate views close to the input view, rather

than aerial views, it is natural for them to have higher CLIP-I, SSCD and DINO Scores. Our

method has a much higher CLIP-I, SSCD and DINO score than Aerial Diffusion, showing

considerable improvement over prior work in retaining the fidelity and 3D consistency w.r.t. the

input image, while modifying the viewpoint. In summary, our specialized aerial-view synthesis

method achieves the best viewpoint-fidelity trade-off amongst all related prior work.

7.3.2 Comparisons against 3D based novel view synthesis (NVS) methods

We compare with state-of-the-art benchmark methods on stable diffusion based novel view

synthesis from a single image. Zero-1-to-3[9] and Zero123++ [10], both, train on large amounts

of multi-view and 3D data from Objaverse [11] contain 800K+ 3D models; in addition to

leveraging a pretrained text-to-2Dimage stable diffusion model. In contrast, our method does

not use any multi-view or 3D information and is capable of generating better results in multiple

cases. Another task-level difference between our method and prior work on NVS is that the latter

aim to explicitly control the camera angle and generate 3D objects in Zero-1-to-3[9], the camera-

angle generated by our method is arbitrary within the realms of the text control. The CLIP scores

on HawkI-Syn for Zero123++ and HawkI are 0.3071 and 0.3115 respectively, the DINO scores

are 0.4341 and 0.4466 respectively. On HawkI-Real, the CLIP score for Zero123++ and HawkI

are 0.2908 and 0.3077 respectively, the DINO scores are 0.3916 and 0.3956 respectively. Our

aerial-view synthesis method, even without any 3D/ multi-view information and large dataset
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training, is better than or comparable to 3D-based NVS methods.

7.3.3 Downstream application.

We performed a proof-of-concept experiment using HawkI to generate synthetic images

for key-frames of scene-based human actions in the UAV Human [22] dataset. By computing the

L2 distance between self-supervised features of UAV Human video frames and synthetic images,

we achieved a 32.14% accuracy in zero-shot action recognition, representing a 7.14% (absolute)

improvement.

7.3.4 Ground-truth comparison

We obtained 3D models and text descriptions from Dreamfusion [354] to extract the front-

view and top-view (ground-truth or GT). We evaluated Zero123++ and HawkI using CLIP Scores

(higher the better), and the numbers were 0.2991, 0.3316, respectively. The DINO score (higher

the better), which measures self-supervised similarity between the generated images and the GT,

are 0.3912, 0.3710 for Zero123++ and HawkI respectively. The LPIPS scores (lower the better)

are 0.5801, 0.6373 for Zero123++ and HawkI respectively - our method generates images that are

higher in elevation due to ‘aerial view’ being the text-control. Overall, our 3D-free method, built

on stable diffusion, is comparable to 3D methods such as Zero123++ which uses stable diffusion

+ 800k+ 3D objects.
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7.3.5 Ablation studies

Please refer to the figure. In the second column, we show results of our model where it is

neither finetuned on the homography image nor uses mutual information guidance for sampling.

Thus, the text embedding for the input image, followed by the diffusion UNet are finetuned

and the diffusion model generates the aerial image by diffusion denoising, without any mutual

information guidance. Many of the generated images either have low fidelity or have low correspondence

to the aerial viewpoint. In the experiment in the third column, we add mutual information

guidance to the model in column 2. We see higher fidelity (than column 2) of the generated

images w.r.t. the input image. In the fourth column, we add the homography image finetuning

step to the model in column 2, but do not use mutual information guidance at inference. The

generated images, in many cases, are aerial, but have lower fidelity w.r.t. the input image. In

the final column, we show results with our full model. The generated images achieve the best

trade-off between the viewpoint being aerial and fidelity w.r.t. the input image, in comparison to

all ablation experiments. Quantitative analysis:

• Effect of IH: To study the effect of IH , we compare the CLIP and A-CLIP scores for the

full model vs full model w/o IH . The scores in all cases where IH is not present are lower,

indicating lower consistency with the viewpoint being ‘aerial’. For instance, on HawkI-

Real, the CLIP scores for the full model and full model w/o GMI are 0.3077 and 0.3040

respectively. The A-CLIP scores for the full model and full model w/o IH are 0.1887 and

0.1842 respectively.

• Effect of GMI: To study the effect of IH , we compare the SSCD and DINO scores for the

full model vs model w/o GMI . The scores in all cases where GMI is not present are lower.
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Figure 7.6: HawkI can be extended to generate other text-controlled views as well.
For instance, on HawkI-Real, the SSCD scores for the full model and model w/o GMI are

0.3314 and 0.3204 respectively. The DINO scores for the full model and model w/o GMI

are 0.3956 and 0.39 respectively.

7.3.6 Comparison with other metrics for guidance.

We compare with two other metrics for diffusion guidance at inference: (i) L2 distance

between the features of the generated image and the input image, (ii) a metric inspired by

Wasserstein distance or Earth Mover’s distance, for which we compute the distance between the

histograms of the probability distributions of the two images. Our mutual information guidance

method is better at preserving the fidelity w.r.t the input image, as evidenced by higher SSCD

scores. The SSCD score on HawkI-Real for Wasserstein guidance, L2 guidance, and mutual

information guidance are 0.3137, 0.3204 and 0.3314 respectively. The DINO score on HawkI-

Real for Wasserstein guidance, L2 guidance, and mutual information guidance are 0.3847, 0.3858

and 0.3956 respectively.

165



7.3.7 Text controlled view synthesis: Other views

HawkI can be extended to generate other text-controlled views such as side view, bottom

view and back view. We modify the target text tT to indicate different viewpoints, and retain the

other finetuning/ inference details.

7.3.8 3D-free HawkI + 3D priors?

Our 3D-free approach complements 3D-based methods [10, 373]. While 3D data collection

and large-scale training are expensive and unsustainable, front-view 2D images are more

readily available[35]. Hence, it is beneficial to solve the fundamental problems associated with

the task in a data-efficient (or 3D-free) manner. Our goal is to push the frontiers of 3D-free

aerial-view generation from a single image, achieving results comparable to methods [10] using

stable diffusion + 800k 3D objects. That being said, HawkI be combined with 3D approaches, to

multiply the benefits of 3D and 3D-free approaches. To validate this, we replaced the homography

prior with the image from the 3D-based Zero123++ [10] approach and evaluated our HawkI

model on images from HawkI-Syn. The CLIP scores for Zero123++, HawkI, and “HawkI with

Zero123++ prior” are 33.17, 33.17, and 33.81, respectively. The DINO scores for Zero123++,

HawkI, and “HawkI with Zero123++ prior” are 0.3613, 0.3977, and 0.4612, respectively, thus

demonstrating our claim!. Also, using 3D priors with HawkI allows finer camera control.

7.4 Conclusions, Limitations and Future Work

We present a novel method for aerial view synthesis. Our goal is to leverage pretrained text-

to-image models to advance the frontiers of text + exemplar image based view synthesis without
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Figure 7.7: We show more examples for comparisons with the state-of-the-art image editing,
personalization and text-controlled aerial view synthesis methods on the HawkI-Syn dataset. Our
methods is able to generate images that are “more aerial”, while preserving the fidelity w.r.t. the
input image.
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Figure 7.8: We show more examples for comparisons with the state-of-the-art image editing,
personalization and text-controlled aerial view synthesis methods on the HawkI-Syn dataset. Our
methods is able to generate images that are “more aerial”, while preserving the fidelity w.r.t. the
input image.
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Figure 7.9: We show more examples for comparisons with the state-of-the-art image editing,
personalization and text-controlled aerial view synthesis methods on the HawkI-Syn dataset. Our
methods is able to generate images that are “more aerial”, while preserving the fidelity w.r.t. the
input image.
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Figure 7.10: We show more examples for comparisons with the state-of-the-art image editing,
personalization and text-controlled aerial view synthesis methods on the HawkI-Syn dataset. Our
methods is able to generate images that are “more aerial”, while preserving the fidelity w.r.t. the
input image.
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Figure 7.11: We show more examples for comparisons with the state-of-the-art image editing,
personalization and text-controlled aerial view synthesis methods on the HawkI-Real dataset.
Our methods is able to generate images that are “more aerial”, while preserving the fidelity w.r.t.
the input image.
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Figure 7.12: We show more examples for comparisons with the state-of-the-art image editing,
personalization and text-controlled aerial view synthesis methods on the HawkI-Real dataset.
Our methods is able to generate images that are “more aerial”, while preserving the fidelity w.r.t.
the input image.
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Figure 7.13: We show more examples for comparisons with the state-of-the-art image editing,
personalization and text-controlled aerial view synthesis methods on the HawkI-Real dataset.
Our methods is able to generate images that are “more aerial”, while preserving the fidelity w.r.t.
the input image.
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Figure 7.14: We show a few examples for comparisons with other metrics for diffusion guidance
such as L2 distance and Wasserstein distance. Our mutual information guidance method is better
at preserving the fidelity w.r.t the input image, as also evidenced by higher SSCD scores. The
SSCD score for Wasserstein guidance, L2 guidance, and mutual information guidance are 0.3181,
0.3224 and 0.3345 respectively, averaged over all images in the HawkI-Real dataset.

Figure 7.15: We compare with latest related work on novel view synthesis: Zero-1-to-3 and
Zero123++ on images from HawkI-Syn. Both of these methods use the pretrained stable diffusion
model and the 3D objects dataset, Objaverse with 800k+ 3D objects, for training. Our method
uses just the pretrained stable diffusion model for the task of aerial view synthesis from a single
image.
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Figure 7.16: We compare with latest related work on novel view synthesis: Zero-1-to-3 and
Zero123++ on images from HawkI-Real. Both of these methods use the pretrained stable
diffusion model and the 3D objects dataset, Objaverse with 800k+ 3D objects, for training. Our
method uses just the pretrained stable diffusion model for the task of aerial view synthesis from
a single image.
3D generation methods like Zero123++ are capable of generating different views with high
fidelity by using pretrained stable diffusion models to finetune on large-scale 3D objects datasets.
However, their generalization capabilities are limited. Our method is able to generate high quality
aerial images for the given input images without any 3D data and using just the pretrained text-
to-2D image stable diffusion model, however, there is scope for improving the fidelity of the
generated aerial image w.r.t the input image. Moreover, our method controls the viewpoint
via text and does not provide the provision to quantitatively control the camera angle. Both
of these limitations of our method can be alleviated by exploring the combination of pretrained
Zero123++ models (or other 3D models) and our method, as a part of future work.
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Figure 7.17: Additional results on extending HawkI to generate other text-controlled views.

any additional 3D or multi-view data at train/ test time. Our method has a few limitations, which

form an avenue for future work - (i) Further exploration of combining our 3D-free approach with

3D priors can enable the generation of camera-controlled views. (ii) Alleviating hallucination,

a widespread issue in all diffusion models, will enable the generation of images with higher

fidelity w.r.t. input images. Other directions for future work are - (i) IPM is as an important tool

for aerial view generation – similar homography projections to synthesize other views can be

explored, (ii) our mutual information guidance formulation can be used in other image editing and

prsonalization problems, (iii) using generated data for various downstream UAV and aerial-view

applications such as cross-view mapping, 3D reconstruction and synthetic data augmentation.
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Figure 7.18: Can any data augmentation be used in place of Inverse Perspective Mapping
(IPM)? One question that arises from the usage of Inverse Perspective Mapping is related
to whether it actually provides pseudo weak guidance, in addition to increasing variance (or
reducing bias) in the representation space that is being conditioned for aerial view generation.
The latter can be achieved with any random data augmentation. To understand this, we use a 45
degrees rotated image in place of the image corresponding to the Inverse Perspective Mapping in
the second stage of finetuning the text embedding and the diffusion UNet. We do not use mutual
information guidance in any of our experiments. Our finding is that results with models that use
Inverse Perspective Mapping are generally better in terms of the viewpoint being aerial, while
preserving the fidelity with respect to the input image, than models that use the 45 degree rotated
image. Thus, we conclude that rather than using any random data augmentation technique, it
is beneficial to use IPM as it is capable of providing pseudo weak guidance to the model for
aerial view synthesis. This finding also paves direction for future work on using carefully crafted
homography priors for view synthesis corresponding to different camera angles and viewpoints.
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Part V

Generating Personalized Images using Pretrained Text to Image Diffusion Models and Exemplar

Control Images
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While the generation of aerial view images from a pretrained model using single front

view images is intriguing, let’s delve further into controllable image and video generation. Can

we manipulate the background, action, and subject using just a single exemplar image to create

diverse images and videos? This is precisely the exploration undertaken in this section. This

section has three chapters.

In the Chapter 8, we present ImPoster, a novel algorithm for generating a target image

of a ‘source’ subject performing a ‘driving’ action. The inputs to our algorithm are a single

pair of a source image with the subject that we wish to edit and a driving image with a subject

of an arbitrary class performing the driving action, along with the text descriptions of the two

images. Our approach is completely unsupervised and does not require any access to additional

annotations like keypoints or pose. Our approach builds on a pretrained text-to-image latent

diffusion model and learns the characteristics of the source and the driving image by finetuning

the diffusion model for a small number of iterations. At inference time, ImPoster performs

step-wise text prompting i.e. it denoises by first moving in the direction of the image manifold

corresponding to the driving image followed by the direction of the image manifold corresponding

to the text description of the desired target image. We propose a novel diffusion guidance

formulation, image frequency guidance, to steer the generation towards the manifold of the source

subject and the driving action at every step of the inference denoising. Our frequency guidance

formulations are derived from the frequency domain properties of images. We extensively evaluate

ImPoster on a diverse set of source-driving image pairs to demonstrate improvements over baselines.

To the best of our knowledge, ImPoster is the first approach towards achieving both subject-driven

as well as action-driven image personalization.

In the Chapter 9, we present a method for multi-concept customization of pretrained text-
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to-video (T2V) models. Intuitively, the multi-concept customized video can be derived from

the (non-linear) intersection of the video manifolds of the individual concepts, which is not

straightforward to find. We hypothesize that sequential and controlled walking towards the

intersection of the video manifolds, directed by text prompting, leads to the solution. To do

so, we generate the various concepts and their corresponding interactions, sequentially, in an

autoregressive manner. Our method can generate videos of multiple custom concepts (subjects,

action and background) such as a teddy bear running towards a brown teapot, a dog playing violin

and a teddy bear swimming in the ocean. We quantitatively evaluate our method using videoCLIP

and DINO scores, in addition to human evaluation.

While diffusion models often benefit from training on large datasets, text prompting strategies

offer a way to strategically control the generation of new concepts without requiring additional

training data. In Chapter 10, we delve into the specifics of how this can be achieved. We introduce

a novel approach for prompt mixing, aiming to generate images at the intersection of multiple

text prompts using pre-trained text-to-image diffusion models. At each time step during diffusion

denoising, our algorithm forecasts predictions w.r.t. the generated image and makes informed

text conditioning decisions. To do so, we leverage the connection between diffusion models

(rooted in non-equilibrium thermodynamics) and the Black-Scholes model for pricing options

in Finance, and draw analogies between the variables in both contexts to derive an appropriate

algorithm for prompt mixing using the Black Scholes model. Specifically, the parallels between

diffusion models and the Black-Scholes model enable us to leverage properties related to the

dynamics of the Markovian model derived in the Black-Scholes algorithm. Our prompt-mixing

algorithm is data-efficient, meaning it does not need additional training. Furthermore, it operates

without human intervention or hyperparameter tuning. We highlight the benefits of our approach
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by comparing it, qualitatively and quantitatively using CLIP scores, to other prompt mixing

techniques, including linear interpolation, alternating prompts, step-wise prompt switching, and

CLIP-guided prompt selection across various scenarios such as single object per text prompt,

multiple objects per text prompt and objects against backgrounds.
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Chapter 8: ImPoster: Text and Frequency Guidance for Subject Driven Action

Personalization using Diffusion Models

Monkeys seldom meditate! Neither do they play the violin! Generative AI has enabled the

creation of images that cannot be easily enacted or photographed in real life. More often than

not, applications such as animation, movie creation, etc, require a particular subject performing

a specific action. For example, given a ‘source image’ of a dog and a ‘driving image’ of a cat

drinking water from a mug, we might want to generate an image of the dog drinking water from

a mug in exactly the same manner as the cat. Thus, the generated dog needs to have the same

identity as the ‘source subject’. Its pose or the style with which it drinks water from the mug

needs to resemble the ‘driving pose’, i.e. the pose of the cat in the driving image. Consequently,

the specific action depicted in the generated image and the identity of the subject performing the

action are not arbitrary - rather, they are dictated by the source and the driving images.

Prior work on the closely related problem of motion transfer [405, 406, 407, 408, 409]

condition on SMPL pose information [410], keypoints, etc in a supervised/ unsupervised manner

and train on large datasets to transfer the action depicted by a subject in a driving image or video

to the subject in the source image. Such methods however do not generalize well to arbitrary

pairs of source and driving images and often require a lot of data for training. Thus, it is useful

to develop an approach that can directly work on a single pair of source-driving images in a
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Figure 8.1: Given a single “source” image and a “single” driving image and the corresponding
text descriptions, ImPoster generates an image of the source subject performing driving action.
We show how ImPoster is able to make a monkey and an alien meditate and play violin.

completely unsupervised manner.

Text is an excellent auxiliary modality to guide the generation process, and the recent

progress in text-to-image diffusion models [284, 302, 411] motivates their usage for conreolled

image generation. Prior work on personalized text-guided image editing such as DreamBooth [340],

IMAGIC [8], custom diffusion [412], InstantBooth [413], [414], ELITE [415] and SUTI [416]

are able to add a specific subject to the model while finetuning the diffusion model to generate

various actions dictated by the text input. However, the user does not have any control over the

exact manner in which they might like the subject to perform the action in the generated image.

For instance, a dog can drink water from a mug in various ways - we want the model to be able to

generate a specific pose corresponding to the action, as defined by the driving image. On the other

hand, prior work such as blended diffusion [417] and DiffusionCLIP [331] are able to generate

a specific action and change the style of the image. However, they are unable to make a source
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subject perform a specific driving action.

Main contributions. We propose an algorithm, ImPoster, for generating an image of a specific

subject from a source image performing a specific action described in the driving image. Given a

single source-driving image pair and the corresponding text descriptions, our method can perform

‘body’ transformations to the source subject, as dictated by the action depicted in the driving

image. Our method builds on a pre-trained text-to-image diffusion model to perform test-time

optimization/ inference and does not require any additional information such as pose or keypoints.

Our method, ImPoster , first learns the characteristics of the source and the driving image by

finetuning the pretrained diffusion model on the source and driving corresponding text-image

pair. Our inference guidance methods, which form the novel contributions of this chapter, enable

the generation of the desired target image:

1. Stepwise text prompting. ImPoster generates the desired target image of the source

subject performing the specific driving action using a stepwise text prompting strategy.

Since geometric or structural information is much harder to generate, ImPoster lays the

foundation for generating the driving action by first moving towards the direction of the

manifold of the driving image. This step is followed by switching directions and denoising

by moving in the direction of the text description corresponding to the desired target image.

2. Image frequency guidance. While the stepwise text prompting method provides a strong

prior for the driving action, it is insufficient to generate an accurate image of the source

subject. To alleviate this issue, we delve into the frequency domain representation of

an image, a powerful space for understanding how the human brain interprets natural

images [16, 17, 418, 419]. Motivated by guidance techniques [357, 392] in diffusion
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models, we harness the amplitude map of the Fourier transform of image features and

present frequency amplitude guidance to preserve the characteristics of the source subject.

In order to prevent the loss of the specific driving action (or structure) while extracting

source subject characteristics, frequency amplitude guidance is complemented by frequency

phase guidance. This is inspired by the fact that the phase of the Fourier transform of an

image is representative of its geometry and structure. Frequency amplitude guidance and

frequency phase guidance, termed as frequency guidance, guide the diffusion denoising

towards generating the source subject performing the specific driving action.

We apply ImPoster on a wide variety of source-driving image pairs on a curated dataset

with 120 source-driving image pairs. ImPoster can make an elephant read a book (described

by a human reading a book), a monkey meditate and perform push-ups (described by a human

performing meditating and doing pushups), a teddy bear play guitar (described by a human

playing guitar), etc. We also show the effectiveness of stepwise inference and our frequency

guidance method, along with qualitative and quantitative comparisons against prior work metris

such as CLIP Score, SSCD, DINO and a new metric to quantify the alignment with driving action,

phase score, defined using the phase of the Fourier transform.

In summary, the contributions of this chapter are as follows: (i) We formalize a novel task of

generating images consistent with a source subject and driving action; (ii) We propose ImPoster, a

novel diffusion models based method that can address this pragmatic task; (iii) We curate a dataset

of 120 source-driving image pairs; (iv) In order to quantitatively establish the correspondence

between the generated image and driving action, we propose a new metric ‘Phase score’ based

on the phase of the Fourier transform; (v) Finally, our exhaustive experimental results reveal large
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Figure 8.2: Given a single source-driving image pair, ImPoster generates an image of the source
subject performing the action depicted in the driving image. ImPoster first finetunes the text-
to-image diffusion model on the source-driving image pair. At inference, ImPoster begins by
first denoising in the direction of the driving image manifold followed by moving towards the
manifold corresponding to the desired target image. At every step of the inference, frequency
guidance steers the generation of an image with source subject characteristics and driving action.

gains over baselines; thereby setting a new benchmark for the task.

8.1 Related work

Exemplar image animation. A great amount of literature has been dedicated to exemplar image

animation [405, 406, 406, 407, 408, 409, 420, 421] transfer motion characteristics from a driving

video to a source image. These methods at the core of them transfer motion at frame level from a

driving frame onto the source image, similar to our method. However, these models are restricted

in their domain to only human and almost always require additional annotations like keypoints,

2D poses, 3D poses or require computation of optical flow.

Diffusion models for Text-based image editing/ personalization. Recent progress in generative

AI has shown promising results using diffusion models [273, 299, 300, 301, 302, 303, 304, 305,

390] for performing non-trivial operations, such as posture changes and multiple objects editing.

Text-based image editing and personalization approaches [8, 283, 330, 334, 340, 356, 395, 412,

412, 413, 413, 414, 415, 416, 422, 423, 424, 425, 426, 427, 428, 429] add a subject to the diffusion
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using a few images of the subject followed by using text to manipulate the image to obtain

the desired output. The methods for personalized or subject-driven based image editing can

be categorized into two broad categories. First category of works [8, 304, 340, 412, 414, 415]

perform fine-tune a pre-trained model on a small number of images that involve the subject and

then perform inference optimization with the text depicting the action as the input. While these

methods are successful in generating images with the subject performing an action depicted by the

text, the user does not have control over the specific pose or imitable characteristic. The second

category of works [413, 416] address the shortcomings of fine-tuning the model and propose

methods that are purely based on inference-time optimization and hence much faster. However,

even they suffer from the same drawbacks in not being able to give users the control of the action

depicted. Multi-concept customization methods [395, 412, 428, 429] are not very effective either.

For instance, one of the closest works to ours is Custom Diffusion [412] that enable generating

images by fusing multiple concepts from multiple images. However, this method is not well

suited to generate images involving concepts of actions.

Recent methods on motion customization [430, 431, 432] of diffusion models are able

to transfer the motion from a video to subjects. However, these methods rely on temporal

properties of videos to tranfer the motion. Our problem statement is tangential to video motion

customization, wherein the goal is to customize the action from an image.

Guidance methods for diffusion. Guidance methods [14, 293, 392, 433, 434, 435, 436, 437,

438] have been used to control and guide diffusion denoising. One of the first guidance methods

is classifier and classifier-free guidance [293, 392] that reinforce the class of the object in the

generated image. Bansal et. al. [357] proposed universal guidance to guide the generation using
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segmentation maps, sketches, etc. Kothandaraman et. al. [14] proposed a mutual information

based guidance method to generate high fidelity images from various viewpoint.

8.2 Method

Given a source image IS and a driving image ID, ImPoster generates an image of the

source subject performing the driving action. We assume access to the text descriptions txS and

txD for the source and driving images respectively. The text description, txT , corresponding to

the desired target image IT is a modified combination of txS and txD. For example, if txS is “A

dog” and txD is “A cat drinking water from a mug”, txT would be “A dog drinking water from a

mug”. We assume no access to any training dataset, pose information (such as SMPL), keypoints,

etc. Our method is completely unsupervised and works on a single source-driving image pair.

An overview of ImPoster is as follows. To add knowledge pertaining to the source and the

driving image, we finetune the diffusion model on IS and ID using txS and txD, respectively.

During inferencing, we begin by denoising by first moving in the direction of the manifold

corresponding to ID followed by moving in the direction of the manifold corresponding to txT .

Such a mechanism, which we term stepwise text prompting creates a prior for pose information

followed by denoising to generate the desired subject performing the action. Further, to reinforce

the generation of an image of the source subject performing the driving action, at every inference

step, we apply a novel image frequency guidance strategy to explicitly steer the denoising

towards the desired driving action and source subject characteristics. We now turn to describe

our method in detail.
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8.2.1 Training

A pretrained text-to-image diffusion model such as stable diffusion is trained on massive

text-image data. However, it does not contain information specific to the source and driving

image. In order to enable the diffusion model reconstruct IS and ID from txS and txD, respectively,

we finetune the diffusion model for ntr iterations on the source and driving text-image pairs using

the denoising diffusion objective function [343]. Specifically, let θ denote the U-net parameters,

L denote the denoising diffusion objective, and eS , eD denote the text embeddings corresponding

to the source and driving texts. At each iteration i < ntr of finetuning, we perform the following

optimizations:

min
θ

0∑
t=T

L(f(xt, t, eS; θ), IS),

min
θ

0∑
t=T

L(f(xt, t, eD; θ), ID).

(8.1)

8.2.2 Inference

8.2.2.1 Stepwise text prompting

A key question that we need to keep in mind while developing an effective inference

strategy is: How should the noisy image be perturbed so that it better corresponds with the driving

action and the source subject ? Moving in the direction of the driving image manifold will ensure

the reconstruction of the driving action accurately, however, biased towards the driving subject.

Similarly, moving in the direction of the source image manifold will ensure the reconstruction

of the source subject accurately, however, biased towards the source action. The image manifold
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corresponding to txT generally does not contain the desired target image – i.e. given txT , it

is unable to generate the desired target image by naive diffusion denoising. On one hand, a

pretrained diffusion model conditioned on txT is inclined to generate a wide variety of images,

most not fully conformant with the specific characteristics of the source subject as well as the

specific pose delineated by the driving action. On the other hand, there could be a bias towards

reconstructing the source or driving image as well.

To solve the aforementioned issues, we propose a stepwise inference strategy. Let the

number of inference steps be denoted by Ti. Starting from random noise, we denoise using txD

for the first K iterations following by denoising using txT for the next T − K iterations. This

implies that the generation process begins by first moving towards the driving image manifold

followed by the manifold corresponding to the target text. In the first few iterations, the sampler

denoises to reconstruct the driving image, creating a strong prior for the driving action. In

the subsequent iterations, denosing to move towards the target text manifold ensures that the

generated image contains the source subject, as dictated by the target text.

On one hand, the target text points towards the driving action. On the other, denoising

using txD in the first few iterations creates a strong prior for the structure of the generated image.

This ensures that the generated image has the driving action. Note that we denoise with txD first

followed by txT and vice versa. Diffusion works by sequentially denoising from random noise

and is a slow process i.e. the updates in each step are small. Therefore, it is easier for the model to

first generate the pose and then denoise to obtain subject characteristics. It is much more difficult

to modify the pose than it is to modify the characteristics or identity of the subject in the image.

Despite the stepwise inference strategy, the generated image might still contain certain

characteristics of the driving subject or source action. To alleviate this issue, we propose a novel
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frequency guidance method, which reinforces the model to stick to the driving action and source

subject at every step of the generation process.

8.2.2.2 Frequency guidance

The frequency domain representation of an image provides rich information [418] about

the image. The amplitude of the 2D spatial Fourier transform of an image is representative

of the intensities of different frequencies in the image, and represents changes in the spatial

domain. It contains information about the geometrical structure of features in the image. The

phase of the 2D spatial Fourier transform of an image represents the location of these features

which help the human eye understand the image; it contains information regarding the edges,

contours, etc. It is possible to reconstruct the grayscale counterpart of an image with just its phase

representation. The amplitude information, along with the phase, helps in reconstructing the

characteristics (colors, attributes, texture, identity) of the scene entities. However, the amplitude

alone cannot generate a meaningful image; phase information is very important.

In light of this, it can be inferred that the phase of the Fourier transform of the driving

image is indicative of the driving action. Similarly, the amplitude of the Fourier transform of the

source image is indicative of the knowledge required to reconstruct the source image. We use the

Fourier domain representation to guide the generation process. Frequency domain properties of

an image propagate to its feature space (computed by a neural network). Hence, we can apply

frequency guidance on the latent feature representation space of stable diffusion [284]. Classifier-

free guidance [392] and universal guidance [357] mathematically derive guidance as,

ϵ̃θ(zt, t) = ϵθ(zt, t) + s(t)×∇ztG. (8.2)
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where zt is the denoised latents at timestep t, ∇ztG is the gradient of the guidance function and

s(t) controls the strength of the guidance for each sampling step. An appropriately weighted

version of this noise is subtracted from the latents computed in the previous timestep to obtained

updated latents. Consequentially, rather than adjusting the noise predicted by the diffusion model

using the gradients of the guidance function, we can directly modify the computed latents using

a suitable guidance function using the gradient of the computed amplitude and phase functions

w.r.t. the latents. At every step of the inference sampling process, we modify the computed

latents zt as,

z̃t = zt − sa ×∇ztGa − sp ∗ ×∇ztGp, (8.3)

where sa and sp are the scaling factors for the frequency amplitude guidance and frequency phase

guidance functions, Ga and Gp, respectively. Note that zt is computed using the noise predicted

by the diffusion model at each timestep. Ga is the L2 distance between the amplitude of the

generated latents and the amplitude of the latents of the source image. Gp is the L2 distance

between the phase of the generated latents and the phase of the latents of the driving image.

Ga drives the generation towards the source subject at every step of the sampling. Gp

reinforces the driving pose at every step of the sampling and prevents any distortion in pose that

may be caused by Ga.

8.3 Experiments and Results

Dataset and implementation details. Since there is no dataset for this task, we collect a dataset

with 15 driving actions and 8 source subject, resulting in a total of 120 source-driving image

pairs. The source subjects and driving actions are generated using Adobe Firefly. This dataset
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Figure 8.3: ImPoster is able to successfully transfer the driving action to a source subject, while
maintaining its characteristics. In contrast, Baseline++ is unable to generate the driving action
for the given source subject due to bias issues. Please see the appendix for more results generated
using ImPoster and comparisons with Baseline++.
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curation is inspired by prior methods that defined new tasks in diffusion personalization such as

DreamBooth [340](30 subjects), Custom Diffusion [412](5 concepts, 8 prompts for the multi-

concept setting), and Concept Decomposition [439](15 pairs for application 1, 13 concepts for

application 2) and is also comparable in size to these prior datasets. Consistent with prior

work, we generate results corresponding to 5 different random seeds for each source-driving

pair, resulting in a total of 600 images being used for all quantitative analysis.

We finetune the diffusion model for ntr = 500 iterations. We set sa to 1e− 6, sp = 1e− 3,

k = 5 and T = 50. We use an image size of 512 × 512. Our model takes about 51/2 minutes

per image pair on one NVIDIA RTX A5000 GPU. We use the Stable Diffusion 2.1 model as the

backbone. We add LoRA [333] layers to the backbone model for the finetuning step, the rest of

the model is frozen.

Qualitative results.

State-of-the-art comparisons. Closest related to our work are image editing or personalization

approaches. The most recent and effective methods in this domain are DreamBooth [340](CVPR

2023) and Custom Diffusion [412](CVPR 2023), inspired by which, we compare with an enhanced

baseline, Baseline++. Baseline++ takes in a single source image and driving image along with

their corresponding text prompts and finetunes the diffusion model (similar to DreamBooth [340]

+ LoRA [333]). Next, it uses a pragmatic combination of the text prompts corresponding to the

source and the driving image (txT ) to generate the target image (similar to Custom Diffusion [412]).

We show comparisons with Baseline++. Baseline++, due to bias issues with respect to the

pose in the source image, and inability to effectively generate the driving action, is unable to
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Figure 8.4: ImPoster is able to successfully transfer the driving motion while retaining the
characteristics of the source subject, and achieves a better trade-off between driving action
(CLIP/Phase score) and source subject (SSCD/DINO) than prior work, as also evidenced by
our qualitative results. Stepwise text prompting creates a prior for the driving action to enable the
model generate the driving action. The image frequency guidance formulations help the model
in preserving the characteristics of the source subject, while reinforcing the driving action.

Figure 8.5: Ablations. Without stepwise text prompting, there is no prior for the driving action,
which inhibits the model from generating the driving action accurately. The frequency (amplitude
and phase) guidance methods help in generating the characteristics of the source subject (here,
monkey) accurately - notice that there are changes to the color of the monkey (column 6), missing
details in the fingers (column 4), changes in the size of the monkey (column 5).

generate the source subject performing driving action. In contrast, ImPoster holistically distils

the driving action and the characteristics of the source subject through its stepwise text prompting

and image frequency guidance strategies to achieve a good bias-variance trade-off and generate

the source subject performing driving action.

Quantitative Results: Comparisons with Baseline++ and Ablations In concordance with prior

work [8, 340, 412] on diffusion models for text-based image editing/ personalization, we evaluate
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our method using the following quantitative metrics. We compute the averages using all 600

generated images.

1. Text alignment: We evaluate the alignment of the generated target image with the target

text using the CLIP score [340]. Higher CLIP scores indicate higher alignment with text.

Here, CLIP Score gives us a broad overview of the alignment of the generated image

with the subject and action. ImPoster achieves a far higher CLIP score than Baseline++,

indicating its ability to effectively transfer the driving action to the source subject.

2. Fidelity: We evaluate the fidelity of the subject in the generated target image the source

subject using self-supervised similarity metrics - SSCD [359] and DINO scores [403].

Baseline++ is unable to generate the driving action, and simply replicates the source image.

This results in it having a higher value of SSCD and DINO score than ImPoster, which is

able to transfer the driving action, as well as preserve the characteristics of the source

image.

3. Phase score: To evaluate the correctness of the action or pose generated in the target

image (as dictated by the driving image), we define a new metric called the phase score.

As per classical computer vision literature [418], the phase of the Fourier transform of

the image is indicative of the action depicted in the image. We compute phase score

as the cosine similarity between the phase of the Fourier transform of the driving image

and the generated target image. Higher cosine score indicates higher similarity. ImPoster

achieves a higher phase score of 0.7529 as compared to Baseline++’s phase score of 0.7515,

indicating its ability to transfer the driving action effectively.
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Ablation analysis. a. Overall alignment with driving action and source subject: ImPoster

achieves a higher CLIP score than all ablations, indicating the usefulness of each component

of our model towards transferring the driving action to the source subject, while preserving

its characteristics. The stepwise text prompting and frequency guidance methods (including

phase frequency guidance and amplitude frequency guidance) are complementary to each other

and work in a holistic manner to achieve the desired goal. b. Effectiveness of stepwise text

prompting: The stepwise text prompting strategy provides a crucial signal for generating the

driving image, without which, the model achieves an overall low CLIP score as well as Phase

score. Similar to Baseline++, the model without the stepwise text prompting strategy has a

tendency to replicate the source image without the driving action, resulting in a higher SSCD or

DINO score. c. Effectiveness of image frequency guidance: Without the frequency guidance

functions, the SSCD and DINO scores drop, indicating its effectiveness in preserving fidelity

w.r.t. source subject while transferring the driving action.

8.4 Conclusions

We propose the usage of infusing text and image frequency for the task of method for the

image generation task of subject-driven action personalization. To the best of our knowledge,

ours is the first approach towards this task. Our method is successful in achieving a wide range of

image animations such as making a monkey meditate and play the violin, as also validated by our

quantitative results on our curated dataset using various metrics, including the newly proposed

‘phase score’. We hope this chapter inspires further research in the area.
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Figure 8.6: ImPoster is able to successfully transfer the driving action to a source subject, while
maintaining its characteristics. In contrast, Baseline++ is unable to generate the driving action
for the given source subject due to bias issues.
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Figure 8.7: ImPoster is able to successfully transfer the driving action to a source subject, while
maintaining its characteristics. In contrast, Baseline++ is unable to generate the driving action
for the given source subject due to bias issues.
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Figure 8.8: ImPoster is able to successfully transfer the driving action to a source subject, while
maintaining its characteristics. In contrast, Baseline++ is unable to generate the driving action
for the given source subject due to bias issues.
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Figure 8.9: ImPoster is able to successfully transfer the driving action to a source subject, while
maintaining its characteristics. In contrast, Baseline++ is unable to generate the driving action
for the given source subject due to bias issues.

8.5 Limitations and Future Work

While our method is able to execute large non-trivial non-rigid pose transfers to specific

subjects, as defined by a driving image, it is still limited in the ability of change that it can

bring forth. For instance, it is unable to make a rabbit or a cat do yoga, indicating that there is

scope for further research. Another direction for future research, also a widespread issue in the

text-based image personalization literature, is the development of better quantitative metrics for

comprehensively measuring subject fidelity and the desired edit. Since self-supervised methods

such as SSCD and DINO measure image-level similarity, they result in a high value even if there

is absolutely no action transfer – this leads to inappropriate evaluation of the models’ capability

in performing the desired edit (driving action transfer in our case), while maintaining source

201



Figure 8.10: Failure cases. Our method is ineffective in a few cases - it is unable to make
a rabbit perform yoga or dance, and a cat perform yoga or meditate. We believe that this is
due to bias-variance trade-off issues, that remain unresolved even after the application of our
stepwise text prompting and image frequency guidance strategies. Usage of stronger vision and
language backbones in the text to image generation pipeline, as they are made open-source to
the community, can help the model disentagle features of the image better to alleviate these bias-
variance trade-off issues. Besides, further research on this problem can lead to the development
of newer methods that can help improve these results.
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subject fidelity. More directions for future work including investigating our frequency guidance

strategy for other image editing and personalization applications, extension to video applications

and scenarios that involve more than one source subject or driving action in the scene.
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Chapter 9: Text Prompting for Multi-Concept Video Customization by Autoregressive

Generation

Text-to-video generation models such as Video Diffusion Models [440], Make-A-Video [441],

Imagen Video [411], Phenaki [442] CogVideo [443], VideoFusion [444], Gen-1 [445] are capable

of generating visually appealing videos. However, their application is constrained due to the

inability to generate long videos (beyond a few seconds) [446, 447] and limited control [432].

These limitations are problematic mainly because when generating a long video that includes

multiple subjects, we expect the same subjects to appear later in the video. For instance, if we

generate a video of a specific Teapot boiling under a specific Tree, later in the video we expect

to see the same Teapot and the same Tree and not another randomly generated one. One way

to achieve such results with the current text to video models is via providing extreme level of

details in the captions, so that the model generates the same Tree and the same Teapot everytime.

However, this is usually impractical [28, 440] because the models may not be sensitive to all

the details and the concepts may be personal and unseen by the model during large-scale pre-

training [440, 441, 442].

Another way of getting consistent subjects in consecutive video frames is that video generation

should have the capability to generate clips conditioned on one or more given subjects that may

or may not be a part of the training data. Model customization [28, 334] methods such as
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Figure 9.1: We present a method for multi-concept customization of text-to-video models. Our
method only relies on a pre-trained text to video model and concept specific data in the form of
image(s) or video(s). In the illustration above, our model uses an image of a teddy bear and ocean
background (top row) and an image of a dog and video of playing violin (bottom row) to generate
the customized videos.

DreamBooth [28] and DreaMix [448] work well for single concept video customization such as

generating a random video of a customized subject or making a random subject perform a custom

action. However, they are not as effective in the multi-concept customization regime [432]. We

hypothesise that this is due to the inability of the model in understanding the interactions between

different custom concepts, that it may have not encountered during training [388]. Also, learning

characteristics of concepts from limited data per concept results in severe overfitting [395].

Hence, the variance of the model w.r.t. the custom concept is low and it is predominant to

use the variance of the model to overcome bias issues w.r.t. the custom concept. Additionally,

when multiple concepts are customized in a video, there is a mixup of their corresponding

attributes [449].

Prior work on multi-concept customization of text to image models [388, 395] and concurrent

work on multi-concept video customization [432] are able to put together multiple subjects in the

scene in a realistic manner. However, they often train individual adapter models [388] for each

concept before projecting to a common space, making it memory inefficient for video models,
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and also rely on expensive data augmentation from the original training dataset. Moreover, the

text-to-image customization methods suffer from attribute binding problems and artifacts [432]

when extended to the video space.

Main contributions. In this chapter, we present a simple, yet effective solution for multi-concept

video customization based on “teaching” the model interactions between various concepts one-

by-one in order to generate the custom video.

We show that sequential and controlled traversal through the manifolds of each subject

(each understood by the model) towards the intersection space of the manifolds, while generating

video frames sequentially, leads to the generation of the custom video. The main intuition behind

our proposed method is that while sequentially generating the frames of a video, the model

needs to remember what it previously generated and synthesize the interactions accordingly while

staying causal in time. Our solution for multi-concept video customization exploits the inherent

strong causality in autoregressive T2V models to generate the interactions between the different

concepts in the video. Moreover, at each stage of generation after the first step, the availability

of prior knowledge through previously generated frames helps in increasing the variance of the

model, which is useful for generating the interactions between various concepts.

We qualitatively evaluate our method on diverse scenarios of generating multi-concept

customized videos such as a dog playing violin, a dog and a teddy bear eating together and

a teddy bear walking in a living room; and report quantitative metrics such as videoCLIP and

DINO, along with human evaluation. We show improved results over baselines such as DreamBooth

style finetuning. We also show the usefulness of our method for single concept customization in

cases where compositionality is desired.
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Figure 9.2: Proposed method for multi-concept video customization. First, we add adapter
layers to the transformer architecture in an autoregressive T2V model and finetune these
additional layers on the given images or videos associated with the N custom concepts and
their corresponding text prompts. The goal is to find the solution at the intersection of the
video manifolds corresponding to various custom concepts. Then, we condition on m (= 5)
prior frames and sequentially generate the custom concepts and their interactions in a controlled
manner using a set of prompts p0...pN . The prompts p0...pN are designed to represent the scene
in a top-down manner, each prompt adding a custom concept and the associated interaction.

9.1 Related work

9.1.1 Text to Video Models

Recent advances in generative AI has led to the development of text-to-video models

such as Video Diffusion Models [440], Make-A-Video [441], Phenaki [442], CogVideo [443],

ImagenVideo [411], PyoCo [450], PVDM [451], etc. These pretrained text-to-video models,

along with pretrained text-to-image models, have been used for video generation, video editing

and personalization (including motion/ action personalization) by a number of approaches such as

Dreamix [448], Tune-A-Video [430], Pix2Video [452], Align Your Latents [453], CCEdit [454],

Fatezero [455], video-p2p [456], Wang et. al. [457],ConditionVideo [458], infusion [459],Zhang
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et. al. [460]. However, these methods are usually limited to performing style transfer, concept

editing and single subject personalization in videos where a single subject is involved. Methods

such as Esser et. al. [445] are able to control the structure and content individually, but require

a large amount of data to train on. The goal of this chapter is to generate a multi-concept

customized video, consistent with the input text description, using a limited number of data

samples per image/ video concept (1 in this chapter) and a pretrained text-to-video model.

9.1.2 Personalization of generative models

Image and video personalization using generative AI models has seen tremendous progress

in the recent past for single concept personalization with the development of methods such as

DreamBooth [28], ControlNet [390], Instructionpix2pix [461], Imagic [355], Null text inversion [462],

Video ControlNet [463], Attend-and-excite [3], paint by example [389], Free-bloom [464]. Recent

times have also seen multi-concept customization methods for text-to-image models such as

Custom Diffusion [388], FastComposer [429], SVDiff [395], Subject Diffusion [428]. However,

multi-concept customization methods developed for text-to-image models are not very effective [432]

for video customization and cause artifacts, attribute binding problems, memory and data issues.

In contrast, our method trains a single lightweight adapter jointly on all concepts and does not

require any data regularization for inducing variance. VideoDreamer [432] is a multi-subject

video customization method concurrent to our work. VideoDreamer leverages a pretrained text-

to-image stable diffusion model to extend to custom video generation. Its use of a text-to-image

model limits its application to cases where there is minimal subject-subject interaction or limited

motion. Moreover, it cannot transfer or customize motion information. In contrast, our goal is
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to leverage pretrained text-to-video models to perform multi-concept customization, where the

custom concept can be a subject or motion, or even background.

9.2 Method

9.2.1 Problem Formulation

We are given a pretrained text-to-video model M and image(s) or video(s) ci, i = 1...N

corresponding to N concepts with text descriptions tci , i = 1...N , where N is the number of

concepts. Our goal is to generate a video Vgen that contains the custom concepts, as described

by a query text tgen. We assume that the model is capable of auto-regressively generating future

frames.

9.2.2 Proposed Method

As our first step, we incorporate the knowledge of the custom concepts ci, i = 1...N within

the text-to-video model by finetuning the diffusion model. Our next step is to use the finetuned

model to generate the custom video, corresponding to tgen, by adding subjects one-by-one, in an

autoregressive manner. Each step of the generation progressively adds various custom concepts

and their corresponding interactions, as dictated by the query text tgen. We now turn to describe

our method in detail.

9.2.2.1 Multi-concept finetuning

Given ci, i = 1...N , we fine-tune M. Following [333], we do parameter efficient fine-

tuning and specifically, adapter tuning, as is shown effective for generative image transformers [465].
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Note that we jointly train a single adapter for all concepts instead of training an individual adapter

for each concept as in [388].

Our next step is to use the finetuned text-to-video model to generate personalized videos

with custom concepts, dictated by a query text tgen. Consider a Teapot and a Tree. The video

manifold M1 of Teapots contains videos of the Teapot pouring tea, floating in the ocean, being

washed, boiling tea and in a kitchen, dictated by text. Similarly, the video manifold M2 of

Trees contains videos of the tree swaying in the wind, the relational notion of under the tree, in

a park, squirrels playing around the tree, cat climbing the tree and the tree being located in a

dense forest, dictated by text. Thus, each of the manifolds contains what the model is familiar

with in terms of generation. The video corresponding to ”a Teapot boiling tea under a Tree” is

contained in the (non-linear) intersection of the two manifolds M1 ∩M2, generation of which

is not straightforward. In the next section, we present a method to generate the multi-concept

customized video.

9.2.2.2 Causal generation, one subject at a time

We hypothesize that sequential and controlled traversal through the various manifolds (each

understood by the model) towards the intersection space of the manifolds, while generating

video frames sequentially, leads to the solution. Our solution is based on multi-step generation,

each step incrementally generating what the model understands, while remembering what it has

already generated. Thus, we begin at the manifold corresponding to one of the custom concepts to

generate a few frames corresponding to the first concept by using an appropriate text description.

Next, to generate video frames with multiple concepts, we condition on the generated video
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frames of the first concept and use text descriptions describing the other concepts to incrementally

add them and their interactions.

For instance, in the case of ”a Teapot boiling tea under a Tree”, we begin at the manifold

of Trees to generate a few frames of the Tree using the text prompt ”a Tree”. Next, move towards

the manifold of Teapots to generate a video of the Teapot boiling tea under a Tree. Consequently,

to generate the next video frames of ”a Teapot boiling tea under a Tree”, we use the text prompt

”a Teapot boiling tea under a Tree”, conditioned on the previously generated frames of the Tree.

Thus, the first few frames of the video depict the Tree, and the subsequent frames show the Teapot

boiling tea under the Tree.

At each step of the sequential generation, the existence of a strong prior (in terms of video

frames generated upto that stage), along with the variance arising from the pretrained model,

alleviates bias related issues. Consequentially, at each step of the sequential generation, the

model needs to be conditioned on an appropriate number of prior frames it previously generated

and generate the subsequent frames in an autoregressive manner. If too few frames are used

for the conditioning, the model cannot remember prior knowledge. On the other hand, if too

many frames are used, the model may not be able to bring in new concepts due to bias issues.

Moreover, it is important to keep the sequential generation controlled, in order to make sure that

the generated video stays within the intersection manifold i.e. the number of frames generated

for each concept is a key hyperparameter. In summary, causality is key to maintain prior context.

Algorithmically, let F be the total number of frames that are being generated and pi, i =

1...N be the prompts describing the various concepts and their interactions. Tokens corresponding
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to all F frames are initialized to be empty.

for k in range (0, F ) : zk ←M(zk)|(zk−1:k−m, p). (9.1)

As per this equation, the generation of each frame (except the first m frames) is conditioned on

the past m frames. The prompt p is sequentially set to p1...pN . Since the model can generate 11

frames in one go, we set p = p1 for k <= 11. In the 2-concept customization case, we set p = p2

for the rest of the frames.

Structuring the concepts. Sequential generation requires the various concepts to be structured in

an appropriate manner – it is important to carefully design pi, i = 1...N . We propose to structure

the concepts in a top-down manner - consistent with the natural representation of a scene. For

example,

• Custom subject and custom background - first generate the background. Next, condition on

the frames containing the custom background to add the custom subject performing action.

For eg. given concepts ‘a B1* futuristic restaurant’ and ‘a C2@ cat’, and tgen = ‘a C2@

cat eating noodles in a B1* futuristic restaurant’, we set

– p1 = ‘a B1* futuristic restaurant’

– p2 = ‘a C2@ cat eating noodles in the futuristic restaurant’.

• Custom subject and custom action (from a video) - first generate a random (related subject)

performing the custom action. Next, steer the model towards the manifold of the custom

subject performing action. For eg. given concepts ‘a person playing tennis in a tennis

court’ and ‘a C2@ cute cat’, and tgen = ‘a C2@ cute cat playing tennis in a tennis court’,
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we set

– p1 = ‘a person playing tennis in a tennis court’,

– p2 = ‘a C2@ cat playing tennis in a tennis court’.

• Custom subject 1 and custom subject 2 - generate one of the custom subjects. Condition

on this to generate the other custom subject interacting with it. For eg. given concepts ‘a

B1* brown teapot’ and ‘a C2@ tree’, and tgen = ‘a B1* brown teapot boiling tea under a

C2@ tree’, we set

– p1 = ‘a C2@ tree’,

– p2 = ‘a B1* brown teapot boiling tea under a C2@ tree’.

9.3 Experiments

9.3.1 Setup

Our proposed method for multi-concept video customization is built on autoregressive

generation. Consequentially, we use Phenaki [442], a text-to-video model with autoregressive

capabilities, as our backbone architecture. Phenaki learns video representations in a causal

manner, compressing the video into a small representation of discrete tokens using a spatial

transformer and a causal transformer. A MaskGiT transformer model [466] is then trained to

reconstruct the video tokens, conditioned on a text prompt. A bidirectional text transformer is

used to compute video tokens from text. At inference, starting from empty tokens and conditioned

on the input text, video tokens are generated, which are then detokenized to generate a video. At

each step of the inference, Phenaki can freeze video tokens corresponding to past frames and

generate video tokens corresponding to future frames in an autoregressive manner. Classifier-
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Figure 9.3: Two subject customization. While Phenaki contains some prior knowledge of
the interactions between different kinds of subjects, the finetuned model is unable to generate
the interactions between the custom subjects. Through controlled and sequential autoregressive
generation of concepts and their interactions, our method is able to generate customized videos
with two subjects interacting with each other.

214



Figure 9.4: Subject Action customization. Phenaki, due to lack of prior knowledge, is unable
to generate certain actions. The finetuned model is able to generate the custom subject, but not
the precise action, even after finetuning. Generating the motion corresponding to the action first,
followed by generating the custom subject performing action (conditioned on the motion) enables
the generation of the custom subject performing the custom action. Thus, we are not only able to
‘teach’ the action to the model, but are also able to customize the subject performing the action.
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Figure 9.5: Subject BG customization. While subject-background customization is relatively
easy for the Phenaki model, the finetuned model is unable to emphasize on the background due
to bias issues. This is resolved by our model, which first generates the background and then
generates video frames of the custom subject performing action, conditioned on the background.
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free guidance [392] controls the alignment between the text and the generated video. Phenaki

is pretrained on a large-scale text-image and text-video dataset, which we use for multi-concept

video customization. We use the low-resolution Phenaki model in all experiments.

We finetune the adapter weights jointly on all image concepts, followed by video concepts,

for 1000 steps with a learning rate of 1e− 4 using the Masked Visual Token Modeling (MVTM)

loss[466], along with classifier-free guidance. The adapter has a hidden size of 2. Our generated

videos have a resolution of 160 × 96. At inference time, to condition on prior frames, we set

m = 5. Conditioning on 5 frames, determined empirically, is consistent with the fact that Phenaki

is trained to generate 11 frames at a time and conditioning on half the frames achieves the right

trade-off between the amount of prior knowledge required for the generation of future frames.

For each example, we present comparisons of our method with two baselines:

• DreamBooth style finetuning: In this case, the model is finetuned and inferred using tgen.

This is inspired by the DreamBooth [28] model with adapter [333] layers, extended to

Phenaki video customization. This is our closest baseline for multi-concept video customization.

• Phenaki: This baseline corresponding to Phenaki as it was trained with no additional fine-

tuning.

We use Imagen [411] to generate the image for each custom concept, concept-specific videos

are from UCF-101 [467]. Custom concepts can take multiple forms, e.g. background, visuals

of a character or subject and a custom performed action. We experiment with various types of

customization such as subject-subject, subject-action, subject-background. The design of the

prompts was a purely creative task, we designed close to 100 prompts and attempted to keep it as

diverse as possible. Our data set-up is as follows:
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• Subject-subject customization: We use 14 examples corresponding to the 3 examples shown,

9 in the supplementary and ‘a cute dog and a blue teddy bear in a running race’, ‘a cute dog

washing a blue plate’.

• Subject-action customization: We use 4 subjects: a small cute fox, a small cute dog, a

small cute cat and a blue teddy bear and 8 actions: playing violin, playing hula hoop,

playing drums, playing tennis, crawling, doing pushups, riding bicycle, doing TaiChi. This

results in a total of 32 videos.

• Subject-background customization: We use 4 subjects: a small cute fox, a small cute dog,

a small cute cat and a blue teddy bear, 4 backgrounds: living room, futuristic restaurant,

forest themed cinema theater, ocean with seaplants and fishes. For each background, we

generate 2 actions: (dancing, walking), (eating noodles, attending a meeting), (dancing,

clapping hands), (playing with fishes, swimming) in order. This results in a total of 32

videos.

9.3.2 Qualitative Results

9.3.2.1 Two-concept customization

Two-subject customization: In the first case, while Phenaki is able to generate the video of a

generic teddy bear running towards a generic teapot, the teddy bear is much smaller than the

teapot. The finetuned model generates both subject in the video but is unable to generate the

correct interaction (of the teddy bear running towards the teapot). Our method structures the

generation as p0 = ‘a B1* brown teapot’ and p1 = ‘a C2@ blue teddy bear running towards
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the B1* brown teapot’ to generate a video of the C2@ blue teddy bear running towards the B1*

brown teapot; the static object (teapot) is generated first followed by the moving teddy bear. In

the second example, Phenaki is able to generate the video with generic subjects. The finetuned

model has a bias towards the teapot and fails to generate the tree. Our method structures the

generation as p0 = ‘a C2@ tree’ and p1 = ‘a B1* brown teapot boiling tea under a C2@ tree’

to generate a customized video of the teapot boiling tea under the tree; the background, static

subject (tree) is generated first followed by the teapot boiling tea. In the third example, Phenaki

generates a toy teddy bear, that is not eating. The finetuned model mixes the attributes of the

concepts. Our method structures the generation as p0 = ‘a cute B1* dog eating together with the

C2@ blue teddy bear’ and p1 = ‘a C2@ blue teddy bear eating together with a cute B1* dog’ to

generate the dog and teddy bear eating together; the emphasis is on the dog first, followed by the

teddy bear. In summary, controlled and sequential generation of the custom concepts and their

interactions is effective in generating a multi-subject customized video.

Subject-action customization: We first generate the motion depicting the action, followed by the

subject performing the action conditioned on the motion frames. Hence, p0, p1 take the general

structure of p0 =‘a random subject performing the action’, p1 =‘custom subject performing the

action’. In the first case, the pretrained model Phenaki does not understand what a teddy bear

playing tennis looks like and is unable to generate the video. In the result of the fine-tuned

model, there is some movement in terms of the teddy bear holding the tennis bat but the video

does not depict a teddy bear playing tennis. Our method is able to generate a video of the custom

teddy bear playing tennis. Thus, our method is not only able to teach the model the action

‘playing tennis’, but is also able to effectively condition on the motion to customize the subject
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performing action. Similarly, in the third example, neither Phenaki nor the finetuned model are

able to generate a cat playing tennis. Our method is able to generate a video of a custom cat

playing tennis, thus teaching the model the action, as well as customizing the subject. In the

second example, again, the Phenaki model does not know what a teapot riding a bicycle is. The

finetuned model is able to generate some movement of the teapot but the generated video isn’t

really of a teapot riding a bicycle.

Subject-background customization: Our next task is to customize the subject and the background

(and generate a random action). We first generate the custom background, followed by the

subject performing a generic action in the background. Hence, p0, p1 take the general structure

of p0 =‘custom background’, p1 =‘custom subject performing action in the background’. In

the first example, while Phenaki understands what a teddy bear walking in a living room is,

when finetuned, due to bias issues, the finetuned model is unable to generate a custom teddy

bear walking in the custom living room. Our method first generates the custom living room,

conditioned on which, the custom teddy bear walking in the living room is generated. Similarly,

in the second and third examples, while Phenaki understands the interactions between the subject

and the background, after finetuning, due to bias issues, the model is unable to generate the

background well. Our method is able to generate videos of custom cats attending meetings in

futuristic restaurants, and a custom teddy bear dancing in a forest themed cinema theater.

9.3.2.2 Three-concept customization

We show generated videos with 3 custom concepts. In the first example, we have three

concepts: a teddy bear, a fox and a teapot and we want to generate a video of the two animals
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Figure 9.6: Three-concept customization. In the first case, the baseline models mix the
attributes of the various concepts. Our method, by sequential generation of concepts and
interactions, is able to generate the complex video with all desired concepts and interactions
in the scene. Similarly, in the second example, while the finetuned model is able to bring in all
concepts into the video, it is unable to generate the interaction of playing drums. Conditioning
on motion information helps our method do so.
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Figure 9.7: Single concept customization and compositionality. Causality can be a useful tool
for generating videos where compositionality is desired, an interesting direction for future work.

Figure 9.8: In the first figure, we show the videoCLIP and DINO scores for our method and
finetuning baseline. In the second figure, we show results of the human evaluation.
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drinking tea together from the teapot. Phenaki is unable to generate the video (even without

customization) - we see that the attributes of the three concepts are mixed up. The model

generates a blue teapot instead of a brown teapot and a hybrid of the teddy bear and the fox.

In the result of the finetuned model, a teddy bear in the color of the fox is generated, and the

teapot is in the color of the teddy bear. There is no fox in the scene. By bringing in the concepts

and the interactions systematically, our method is able to generate the custom blue teddy bear

drinking tea from the custom brown teapot with the custom fox. In the second example, we

want to generate a dog playing drums under a tree. The dog, the tree and the action of playing

drums are customized. Phenaki understands the scene and is able to generate a generic video.

The finetuned model brings in all concepts into the scene but is unable to generate the action of

‘playing drums’. Our method, by conditioning on the motion tokens (of playing drums), is able

to generate a video of the custom dog playing drums under the custom tree.

9.3.2.3 Compositional single-concept customization

While the focus of our method is on multi-subject customization, it is also useful for

single-concept customization where the model does not understand compositionality. In such

cases naive finetuning may not work due to bias issues and leveraging causality to generate

compositional scenes can lead to better results. These results provide a direction for future work

on using causality to generate compositional videos.
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9.3.3 Quantitative results

We quantitatively evaluate our method using the Video-CLIP score [468] and the self-

supervised similarity score, DINO [403]. The former computes the alignment with text, signifying

if the concepts and interaction described by the text are present in the generated video. To

compute the DINO score, we compute the average over the individual DINO score w.r.t. each

concept in the video, also averaged over all frames of the video. Blau et. al. [404] state that

generative models face difficulty in trading off perception-distortion. Similarly, we argue that

videoCLIP-DINO (or text describing concept-concept interaction vs fidelity w.r.t. each concept)

is a difficult trade-off to solve as it relates to the bias-variance trade-off.

We also analyze our results with a human evaluation study. For each video, we ask

participants three questions: (i) Is concept 1 present in the video? (ii) Is concept 2 present in

the video? (iii) Is concept 1 interacting with concept 2 as described by the text? We report the

percentage of affirmative responses for each question and for each method.

We use 14 examples for subject-subject customization, 32 examples for subject-motion

customization and 32 examples for subject-background customization. To compute the DINO

and videoCLIP scores, for each example, we generate 8 results and choose the generated video

with the best videoCLIP score as the final result. For the human evaluation, we show all 8 results

(for each example) to human raters and compute the average.

Subject-subject customization. We show improved DINO score, there is a small improvement

in the video-CLIP score as well. Human raters also rate our method much higher than the baseline

in terms of both concept interaction, as well as alignment of the characteristics of the concept with
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the input images. This indicates our method’s ability to better generate multiple custom subjects

interacting with each other.

Subject-action customization. We show improved videoCLIP score indicating our methods’

ability to generate the action better. The DINO score of our method is lower than that of the

baseline. The baseline method is unable to generate good actions and in many cases reproduces

the input concept image with mild movement, hence, its resemblance to the input concept image

is better leading to a higher DINO score. Human raters rate our method better in terms of both

interaction as well as concept fidelity.

Subject-background customization. We show improved DINO score, indicating our methods’

ability to generate the subject as well as the background with high fidelity. The video-CLIP score

of our method is lower than that of the baseline. This is because the baseline method generates

a video that focuses on the subject performing the action. This also implies higher resemblance

to the input subject image or a higher individual DINO score w.r.t. the subject. We believe this

also leads to human raters preferring the baseline method more than our method. However, the

background is not very well depicted. The individual DINO score for background for our method

is 0.3496, while that of the baseline is 0.1896. Our method focuses on generating the entire

background depicted in the input concept image, along with the subject performing action; thus

indicating higher consistency with both input concepts while generating the interaction.

Other comparisons. Custom diffusion [388] requires us to mine images from the original training

dataset (on which Phenaki was trained) for regularization, which was unavailable. Other multi-

concept customization approaches, with the exception of DreamBooth, were simply not feasible
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to expand to video customization using Phenaki.

9.4 Limitations and Future Work

Our method has a few limitations: (i) extension beyond three concepts is non-trivial because

the model may not have the ability of remember what it generated in the first step, and structuring

the concepts/ interactions is complex. (ii) Controlling the interactions through text is not easy,

it may be useful to have more control signals that enable the model to generate interactions

respecting the 3D world (such as contact points between subject and ground, relative size between

objects). (iii) We use the low resolution model of Phenaki to generate the results. This was

the only autoregressive model we had access to at the time of working on this method. The

development of better video foundation models and superresolution can enable the generation of

better results. (iv) The quality of the generated videos is highly dependent on the base model,

with the development of richer models that understand temporal coherence and 3D relations

in the world, the artifacts in the generated videos can be removed. Furthermore, the recent

development of autoregressive diffusion transformer models for video generation can enable the

application of our multi-concept video customization method. (v) Our method takes in a single

image per subject to generate personalized videos. This leads to low variance, and the model

hallucinates a lot of details corresponding to the subject. This causes low subject fidelity in

some generated videos, a direction for future work. Future work can focus on overcoming these

limitations, in addition to further improving the text alignment and fidelity w.r.t. input concepts.

Another direction for future work is to automate the structuring of the prompts using LLMs and

simplify hyperparameter tuning related to finding the number of future frames ( and conditioning
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on prior frames) to be generated using each prompt. Also, incorporating causality within non-

causal text-to-video models such as video diffusion models to use them for multi-concept video

customization is an avenue to explore. This chapter provides a direction for the importance of

causality in multi-concept customization and can also be extended to long video generation.
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Chapter 10: Prompt Mixing in Diffusion Models using the Black Scholes Algorithm

Text-to-image diffusion models [343, 469] such as Imagen [470] by Google, Firefly [471]

by Adobe, DALLE [472] by Microsoft, and Stable Diffusion [284, 473] by Stability AI can

produce photorealistic images from textual descriptions and are typically trained on vast amounts

of data using substantial computational resources. The latest versions of these models (as of May

2024) have seen significant improvements in comparison to their initial versions, attributed to

various factors, such as increased training data, enhanced text understanding networks, improved

image generation networks, and optimized strategies. Data efficient solutions [474], leveraging

pre-trained diffusion models, can enhance results without requiring additional data collection.

Prompt engineering [475] is one effective approach, involving techniques such as rephrasing

prompts to improve model generalization. Another method is using large language models

(LLMs) [476, 477] to parse complex prompts and determine useful priors for image generation.

Attention maps [3] and prompt mixing techniques [478, 479] also contribute to better results.

Prompt mixing becomes particularly valuable when aiming to generate images that blend

different text-image concepts i.e. when aiming to generate images at the intersection [478, 480,

481] of different text-image concepts. For instance, consider generating an image resembling

a hybrid of a pink cat and a dog. Current diffusion models [470, 471, 472, 473] excel at

straightforwardly combining individual text prompts to create visually appealing combinations.
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However, these capabilities are often restricted to advanced model versions (version 3) and rely

on large-data techniques.

Data efficient prompt mixing techniques can enhance image generation without additional

data. While linear interpolation [355] of text embeddings from individual prompts is a simple

approach, it may not be optimal due to the highly non-linear nature of the text-image manifold and

potential bias issues. Alternatives include switching between prompts during diffusion denoising,

either by alternating [356] or using a step-wise technique [478]. However, these methods often

require human involvement and careful prompt engineering for optimal results.

The question arises: what’s the best way to switch between text prompts for prompt-

mixing? An automated approach considers the model’s varying capabilities with different prompts.

While attention maps [3, 482] and layout guidance![483, 484] methods excel at guiding the model

toward distinct scene entities, they may not be as effective for blending concepts within the same

entity. To address this, during each step of diffusion denoising, the network should automatically

focus on the text prompt that corresponds to the image’s deficiencies.

Main contributions. In this chapter, we introduce a novel approach to prompt mixing by integrating

concepts from economics and finance. Our objective is to leverage pretrained diffusion models

for prompt-mixing to generate images at the intersection of various text-image manifolds. During

each step of the diffusion denoising process, our method dynamically conditions on the text

prompt that requires the highest level of attention. To achieve this, our algorithm assesses

the ‘cost’ associated with each relevant text prompt and selects the optimal conditions for the

subsequent step of image generation based on the ‘cost’ that requires maximum optimization.
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Key Insight: The inspiration for our approach lies in non-equilibrium thermodynamics [485],

which is at the core of the development of diffusion models. These models share a conceptual

foundation with the Black Scholes model[486], a Nobel Prize-winning mathematical framework

extensively employed in financial markets for pricing European call options[29]. The denoising

steps within a diffusion model, aimed at image generation, constitute a Markovian time-series.

In our analogy, the image itself represents a valuable ‘stock’ or ‘asset’ that we aim to ‘purchase’

(or generate) at the most favorable ‘cost’ (or alignment with the text prompts). During each step

of the diffusion denoising process, we extrapolate the generate latents to compute the ‘stock’

prices at the corresponding time-step, and use the properties of diffusion models to compute the

various variables involved in the Black Scholes algorithm. Consequently, we leverage the Black

Scholes model to predict a score for each text prompt. This score serves as an indicator of how

the image should be conditioned in the subsequent timestep. By adopting this approach, our

model dynamically focuses on aspects that require attention, ultimately generating an image that

optimally satisfies all relevant text prompts.

We perform experiments on prompts with varying complexities to assess our method’s

ability to seamlessly blend different objects and backgrounds across scenarios. Through CLIP-

based quantitative and qualitative comparisons against several baselines such as vanilla stable

diffusion, linear interpolation, alternating sampling, prompt switching, and CLIP guided prompt

switching, we highlight the superiority of our approach.
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10.1 Related work

Prompt mixing. Prompt mixing is a technique where different text prompts are used at various

steps during the diffusion denoising process. Patashnik et al. [478] follow a step-wise approach,

while Aerial Diffusion [356] alternates between prompts to create semantically consistent aerial-

view images. Tools such as Image Mixer Diffusion [481] and CLIP Guided Image Mixing [480]

follow similar techniques of prompt switching to blend multiple text prompts. However, these

methods often require complex hyperparameter tuning.

Mixing step. The mixing time or mixing step [487] of a Markov chain refers to the duration it

takes for the chain to reach its steady-state distribution. Mixing time has found applications in

image editing [488] and synthesizing out-of-distribution (OOD) images [489]. When switching

between prompts using mixing time, a step-wise approach is followed, akin to the work by

Patashnik et al. [478]. The advantage of mixing-time approaches over the method proposed

by Patashnik et al. [478] is that it mathematically determines the optimal switching time without

requiring complex hyperparameter tuning. To approximate the mixing time, it estimates the

radius of the latent space. However, there are a few limitations to these methods. Firstly, most

of these approaches are applied to diffusion models trained on relatively small, problem-specific

datasets. Secondly, identifying clear boundaries on large-scale foundation models remains an

unsolved challenge. Additionally, these methods lack the flexibility to choose the most optimal

prompt at each timestep.

Understanding the latent space. Tangential to our work, there has been substantial work [490,

491, 492] on exploring the latent space. These investigations have yielded valuable insights and
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practical solutions for downstream tasks such as image editing and manipulation applications [305,

341, 493, 494, 495]. Furthermore, a deeper understanding of the latent space within diffusion

models has led to advancements in various methods [284, 494, 496].

10.2 Background

10.2.1 The Black Scholes Model

In this section, we provide a brief overview of the Black Scholes pricing model [486] used

to determine the price of European call options of assets. which is used to determine the price

of European call options on assets. In simple terms, a European call option allows an investor

to lock in the price of an asset at any time but permits stock purchase (if desired) only upon

expiration. Regardless of whether the stock price moves favorably or unfavorably over time, this

option structure remains consistent. Investors rely on the Black-Scholes model to predict stock

prices over time and make informed decisions about the optimal timing for stock purchases. The

Black Scholes formula involves 5 key variables:

1. Underlying stock price or spot price S: This represents the current price of the asset.

2. Strike price K: The strike price is the cost of the asset at the time of expiry.

3. Time to expiration t: It measures the time difference between the current moment and the

expiry time.

4. Volatility σ: Volatility reflects the variation in prices of the asset.

5. Risk free rate r: The risk-free rate is the minimum return on an investment when the

investor faces zero risks.
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To obtain the Black Scholes score of purchasing an asset, the spot price S is first multiplied

by the standard normal probability distribution function. From this result, to obtain the final cost

C, the strike price K multiplied by the cumulative standard distribution function is subtracted.

Mathematically,

SN(d1)−Ke−rtN(d2), (10.1)

where

d1 =
log S

K
+ (r + σ2

2
)(t)

σ
√
t

, d2 = d1 − σ
√
t. (10.2)

Assumptions made by the Black Scholes Model. The Black Scholes model makes five assumptions:

(i) No dividends are paid out during the life of an option, (ii) Market movements are somewhat

random, (iii) There are no transaction costs in buying the asset, (iv) The volatility and risk free

rate of the underlying asset are known and constant, (v) The returns of the underlying asset

are normally distributed.

10.2.2 Relation to Diffusion Models

The main concept behind diffusion models [343] involves iteratively adding small amounts

of random Gaussian noise to transform an initial photorealistic image x0 to noise xT ∼ N (0, I)

in T steps. This process is known as the forward process. The converse of the theorem states

that by starting from random noise xT ∼ N (0, I) and refining it iteratively for T steps, we can

generate a photorealistic image x0. Since diffusion is a gradual process, the value of T is typically

large. At each intermediate timestep, t ∈ {0....T}, xt satisfies xt =
√
αtx0 +

√
1− αtϵt. 0 =

αT < αT−1.... < α1 < α0 = 1 are the hyperparameters of the diffusion schedule [343] and ϵT ∼
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N (0, I). To obtain xt−1 at each refinement step, the neural network fθ(xt, t) is applied along

with the corresponding random Gaussian noise perturbation. In other words, during each step

of diffusion denoising, the known variance in added noise follows a Gaussian distribution [343].

In finance, the volatility refers to the standard deviation in the way stock prices change from

one time instant to the next. The mathematical description of diffusion models, derived

from non-equilibrium thermodynamics [485], shares similarities with the derivation of the

Black-Scholes model [486] used in pricing European call options within financial markets.

Both models emerge from similar assumptions and conditions, underpinned by a shared

mathematical structure. Assumptions (i) and (iii) made by the Black Scholes model, which

talk about dividends and transaction costs, are irrelevant to diffusion models.

10.3 Prompt Mixing using Black Scholes Model

10.3.1 Problem Formulation

Consider a set of N text prompts denoted as P1, ...PN and T diffusion denoising steps. Note

that text-to-image diffusion architectures often include a text encoder that maps the text prompt

to a joint text-image space. Starting from random noise and conditioned on the embedding in the

text-image space, the neural network generates the final image.

Our objective is to generate an image that aligns with multiple text prompts simultaneously

i.e. at the intersection of the various text-image manifolds of the diffusion models. We pose

this task as a prompt mixing [478] problem. During each step of diffusion denoising, our aim

is to select the most relevant text prompt (or the text prompt with respect to which the image

requires further refining) for conditioning the model, ensuring the generation of an optimal image
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Figure 10.1: We present more results of our method along with comparisons. Vanilla SD fails
to capture clear characteristics of individual text prompts, omitting distinct features such as
those related to avocado/raccoon, muffin, parrot, and oil painting style. Linear interpolation
generates images not consistent with the prompts, due to issues with non-linear manifolds. CLIP
Min. generates images biased towards one of the prompts. Alt. and Step prompt selection
methods suffer from artifacts and are not very successful in blending the characteristics of objects
corresponding to the individual text prompts - the avocado/raccoon, muffin/dog are not blended
well. In the parrot/dog image, the characteristics of the parrot are missing. Alt. generates artifacts
in the Times Square/ oil painting image, while Times Square is not characterized well in the image
generated by Step. In contrast, the Black-Scholes model adeptly overcomes these limitations,
generating realistic images that meticulously balance and preserve the unique characteristics of
each individual text prompt. The images are from set 1, set 2, set 3 and set 4 respectively.
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satisfying all individual text prompts.

10.3.2 Method

Selecting the most effective text prompt to condition a text-to-image diffusion model can

be approached in various ways. Naively switching [356, 478] between prompts is sub-optimal

due to the significant human effort involved. Moreover, it fails to address the critical issue of

prioritizing the most relevant prompt in an automatic manner. Alternatively, one can compute

the CLIP score at each step and move toward the text prompt with the lowest CLIP score. While

this approach is reasonable, it overlooks essential factors related to the dynamics [343] of the

diffusion denoising process, which significantly impact the final image generation. Leveraging

the Black Scholes model allows us to model these dynamics effectively.

We utilize the CLIP score to quantify the “price” of the generated image, treating it as

analogous to a stock. The CLIP score has been widely used to measure text-image alignment,

making it a suitable metric for evaluating how well our generated image aligns with each text

prompt. Consider diffusion denoising at step i out of total steps T . We derive the relevant

variables for Black Scholes formula as follows:

1. Underlying stock price S: The underlying stock price corresponds to the current value of

the asset. Let zt represent the predicted latents at timestep t. We denote z0,t as the latents

of the final predicted image extrapolated from zt. In other words, if the denoising process

were to proceed in a straightforward manner following the same direction as computed

for zt, the latents of the final predicted image would be z0,t. The underlying stock price,

denoted as S, is determined by the CLIP score with respect to text prompt Pp. This CLIP
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score can be computed using the image decoded from z0,t. To maintain values within the

range of 0 to 100, we multiply the CLIP score by 100.

2. Strike price K: This represents the estimated asset price at expiry, following the last step of

diffusion denoising, which predicts the final image. Based on our experience with diffusion

models, where we found that a CLIP score of approximately 0.25 indicates reasonable text-

image alignment, we opted for a constant value of 0.25.

3. Time to expiration t: t = T − i.

4. Volatility σ: We compute the volatility as the square root of the variance used by the

diffusion denoising scheduler at timestep i.

5. Risk-free rate r: r = 1/T .

During each iteration i of diffusion denoising, we calculate the Black-Scholes score bi,p

for each text prompt Pp, p = 1...N using the given variables and the Black Scholes equations.

Subsequently, during the next step of diffusion denoising, we condition on the text prompt with

the lowest Black-Scholes score. This approach ensures that the denoising process prioritizes the

text prompt associated with the minimum Black-Scholes score for generating an optimal image

consistent with all prompts.

10.4 Experiments and Results

Metrics. In line with previous research [3], we assess performance using the CLIP Score. We

use two variants of the CLIP Score: (i) CLIP-combined, which computes the score by comparing

the generated image against a combination of individual text prompts; and (ii) CLIP-add, which
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Algorithm 1 Black Scholes prompt mixing in backward diffusion enables the diffusion model
generate an optimal image at the intersection of multiple text-image manifolds.

1: Initialize latents to random Gaussian noise. zT ∼ N (0, I); T is the total number of diffusion
denoising steps.

2: Use the text encoder ϵ to compute the CLIP embeddings of a (linguistic) combination of the
text prompts {P}. e← ϵp(∪{P}).

3: Initialize Black Scholes variables, strike price K = 0.25× 100, rater = 1/T .
4: // Diffusion denoising - image prediction/generation loop
5: for t← T to 0 do
6: zt−1 = zt − f(zt, t, e); f is the diffusion UNet.
7: Use zt−1 to compute z0,t−1.
8: Variance σ at step t− 1← computed using the scheduler of the diffusion model.
9: for i← 1 to N do

10: Spot price S ← CLIP score With respect to text prompt Pi

11: Time to expiration← t
12: Black Scholes score bt,i with respect to prompt Pi, at timestep t,← use Equation 1,2.
13: end for
14: Pmin← Text prompt corresponding to min{Bt,i}, i = 1...N
15: e← ϵp(Pmin)
16: end for

averages the CLIP scores for the generated image across each individual text prompt. To compute

our metrics, we generate five images for each text prompt and use them all in the computation of

our metrics.

Baselines. Our study examines several baselines: (i) Vanilla SD: Prompt engineering, we use

the vanilla stable diffusion model and condition it on a single text prompt effectively describing

all individual text prompts, (ii) Lin. Interp.: Direct combination of text embeddings, achieved

through linear interpolation between text embeddings [355]. This method equally weights the

text embeddings associated with each text prompt. (iii) Switching between text prompts. We

consider two variations here: (iii-a) Step: Following Patashnik et. al. [478], we use one text

prompt for the initial 7th to 17th denoising steps and then switch to the other text prompt for

the remaining steps, (iii-b) Alt.: Following Kothandaraman et. al. [356], we alternate between
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Method CLIP-combined CLIP-add

Vanilla 0.3463 0.3012
Linear Int. [355] 0.2885 0.2778
Alt. Samp. [356] 0.3445 0.3098

CLIP Min. 0.3195 0.2955
Step [478] 0.3220 0.2997

Black Scholes 0.3469 0.3112

Table 10.1: We follow prior work [3, 4] and analyze using CLIP Scores. The Black Scholes
algorithm for prompt mixing in diffusion models achieves superior results, compared to other
prompt-mixing techniques, as also evidenced by the qualitative results.

the two text prompts. (iv) CLIP Min.: Score-based combination, denoted as CLIP-min, where

we select the text prompt corresponding to the lowest CLIP score from the previous denoising

iteration.

Backbone architecture. We use the Stable Diffusion 2.1 backbone model [284] in all our experiments.

There is no training involved, we use the pretrained model to directly perform inference. Our

experiments are run on one NVIDIA A5000 GPU with 24 GB memory, and takes 14 seconds to

generate each image using the Black Scholes model, the diffusion denoising is performed for 100

steps. For comparison, the vanilla stable diffusion model takes 13 seconds for 100 steps on the

same GPU.

10.4.1 Experimental Settings

We consider the following experimental settings:

Set 1: Simple text prompts with single objects. In this experiment, we validate our approach

using straightforward scenarios, we use two text prompts, each describing one class. Specifically,

we consider 17 classes: [‘a rock’, ‘a coffee mug’, ‘a cute dog’, ‘a pink cat’, ‘a teddy bear’, ‘a

robot’, ‘an alien’, ‘an avocado’, ‘a cute raccoon’, ‘a corgi dog’, ‘a parrot’, ‘a car’, ‘a squirrel’, ‘a
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cute rabbit’, ‘pizza’, ‘muffin’, ‘icecream’], and construct 17c2 = 136 text prompts.

Set 2: Multiple objects per text prompt. To add complexity, blend multiple objects, in the

presence of additional objects in the scene. The goal of this experiment is to assess the models’

capabilities in blending the right objects in the scene, and preserving the characteristics of the

other objects. We work with three classes of objects: [‘a basket’, ‘a teapot’], [‘apples’, ‘bananas’,

‘a cute cat’, ‘a cute dog’, ‘muffins’], [‘a table’, ‘a carpet’, ‘a bed’] and construct combinations

using the first and second set and the second and third set. Additionally, we include the data point

“a cat in a bathtub” and “a corgi dog in a bathtub,” resulting in a total of 71 prompts.

Set 3: Object actions against backgrounds (prompt mixing w.r.t. object). We investigate the

model’s ability to morph objects while considering object-level action information and scene or

background context. We consider the following backgrounds, [‘walking in Times Square’, ‘skiing

in Times Square’, ‘walking in a beautiful garden’, ‘surfing on the beach’, ‘eating watermelon

on the beach’, ‘sitting on a sofa on the beach’, ‘watching northern lights’, ‘watching sunset at a

beach’, ‘admiring the opera house in Sydney’, ‘sleeping in a cozy bedroom’, ‘admiring a beautiful

waterfall in a forest’, ‘walking in a cherry blossom garden’, ‘walking in a colorful autumn forest’,

‘flying in the sky at sunset’]. The objects are [‘a kangaroo’, ‘a cute cat’, ‘a corgi dog’, ‘a parrot’,

‘a teddy bear’, ‘a penguin’]. In total, we create 210 prompts.

Set 4: Object performing action against a background (prompt mixing w.r.t. background). In

this experiment, we explore how the model blends global information and backgrounds while

considering objects in various scenarios. We consider the objects [‘a kangaroo’, ‘a cute cat’,

‘a corgi dog’, ‘a parrot’, ‘a teddy bear’, ‘a penguin’]. The backgrounds and style prompts are
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[‘walking in Times Square’, ‘sunset’, ‘van gogh style’, ‘oil painting’, ‘a garden with tulips’,

‘northern lights’]. Overall, we have 90 prompts in this experiment.

10.4.2 Analysis and Comparisons

More qualitative results can be found in the appendix. The quantitative comparisons are

in Figure 10.1. Our quantitative results are averaged across the metrics for each of the four sets,

with 680, 355, 1050, 450 images respectively. A detailed analysis of our method and benefits

over prior art is as follows:

• Vanilla stable diffusion (SD): Vanilla stable diffusion v2.1 can create plausible combinations

of the provided text prompts. However, due to hallucination issues, it is constrained

by the distributions it learned during training. As a result, it struggles to capture clear

characteristics of individual text prompts. For example, in the figure, the distinct features of

the parrot, cat, dog/penguin, and sunset/penguin are missing. Similarly, the avocado/raccoon,

muffin, parrot, and oil painting style lack distinct characteristics. Despite this, the generated

images align with the broad text prompt descriptions, resulting in a considerable CLIP

score.

• Linear interpolation [355]: Linear interpolation is ill-suited for generating an image that

combines two text prompts. This limitation arises from the non-linear nature of the text-

image space. While linear interpolation assumes a simple linear relationship, the actual

mapping between textual descriptions and image features is intricate. Furthermore, linear

interpolation can only traverse a straight path between two points in the latent space, failing

to capture nuanced variations or produce novel features beyond the endpoints.
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• Alternating Sampling [356],: Alternating sampling generates features related to both text

prompts in the final output image. However, the objects produced suffer from poor definition,

unrealistic appearance, and low quality in many instances. Artifacts are prevalent, and

several generated images appear implausible. The underlying issue lies in the algorithm’s

routine alternation between the two text prompts during diffusion denoising, without adequately

emphasizing the most relevant prompt at each step. Despite these limitations, the model

achieves a reasonable CLIP Score by broadly aligning with the overall image description,

akin to vanilla denoising.

• Step-wise switching [356]: Step-wise switching is similarly ineffective for the same reasons

as Alternating sampling.

• CLIP-min: The CLIP-min results exhibit bias toward one of the text prompts in most cases,

preventing the model from generating an image that aligns with the intersection of both

prompts. This bias arises because the model overlooks the dynamics of diffusion denoising

and instead selects the text prompt with the lowest CLIP score at each step, resulting in

bias-related issues.

• Black Scholes algorithm: Our approach based on the Black-Scholes algorithm effectively

generates realistic images that align with the intersection of the two text prompts. These

images exhibit minimal unrealistic artifacts. Additionally, our algorithm successfully preserves

individual characteristics corresponding to each text prompt. By modeling the dynamics

of diffusion denoising, the algorithm strategically selects the optimal text prompt at each

step, achieving a balanced synthesis of both prompts. Notably, our model attains superior

quantitative results.
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Figure 10.2: Image variations from our method using the Black Scholes model for a single
prompt, starting from different random Gaussian noise initializations.

In summary, the Black-Scholes model outperforms all previous methods for prompt mixing

by generating realistic images that meticulously preserve and balance the characteristics of each

individual text prompt.

10.5 Conclusions, Limitations, and Future Work

In this chapter, we introduce a novel perspective on prompt mixing, inspired by a probablistic

prediction model and its theoretical framework from the domain of Finance. We draw parallels

between the Black-Scholes algorithm used in financial markets and diffusion models. From this

comparison, we derive an algorithm for prompt mixing, aiming to generate images that align

with multiple text prompts. Our extensive analysis showcase both qualitative and quantitative

advantages of our approach. Our study has a few limitations, which opens avenues for future

work: (i) We follow prior work [3, 4] by using CLIP scores for quantitative evaluation. However,

CLIP scores may not be the optimal evaluation strategy, as they can yield similar scores for
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Figure 10.3: Vanilla stable diffusion (SD) is able to generate images satisfying both text prompts
in many cases, however it misses out on the fine-grained characteristics of the individual text
prompts. For instance, it misses out on the characteristics of the dog, parrot and ice-cream. Linear
interpolation generates images that are not consistent with the text prompts. CLIP Min. generates
images biased towards one of the text promots. Alternating sampling and Step wise inference
strategies generate images with a lot of artifacts, and the generated images are perceptually
implausible in many cases. For instance, in order, the issues are: missing characteristics of
dog, missing characteristics of coffee mug and artifacts in teddy bear, artifacts and missing
characteristics of parrot, missing characteristics of teddy bear and artifacts in teddy bear, missing
characteristics of rabbit. Our Black Scholes method is able to generate images that capture the
fine-grained characteristics of objects corresponding to both text prompts, and the generated
images look realistic with minimal artifacts. The text prompts are from set 1.
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Figure 10.4: Vanilla stable diffusion (SD) is able to generate images satisfying both text prompts
in many cases, however it misses out on the fine-grained characteristics of the individual text
prompts. For instance, it misses out on the characteristics of the dog, cat, corgi dog and
basket/ teapot mixing. Linear interpolation generates images that are not consistent with the
text prompts. CLIP Min. is biased towards one of the text prompts. Alternating sampling and
Step wise inference strategies generate images with a lot of artifacts, and the generated images
are perceptually implausible in many cases. For instance, in order, the issues are: artifacts in
dog/banana and missing characteristics of dog, missing characteristics of cat, the corgi dog in
the dog/apple image does not describe the dog as well as our Black Scholes method does, the
dog is not well described in the fourth example, the teapot is not well described in the final
image. Our method is able to generate images that capture the fine-grained characteristics of
objects corresponding to both text prompts, and the generated images look realistic with minimal
artifacts. The text prompts are from set 2.
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Figure 10.5: Vanilla stable diffusion (SD) is able to generate images satisfying both text prompts
in many cases, however it misses out on the fine-grained characteristics of the individual text
prompts. For instance, in the first and fifth image, the characteristics of the teddy bear are missing,
the second, third and fourth image do not describe the cat well, Linear interpolation generates
images that are not consistent with the text prompts. CLIP Min is again biased towards one
of the text prompts. Alternating sampling and Step wise inference strategies generate images
with a lot of artifacts, and the generated images are perceptually implausible in many cases.
Specifically, the first image does not describe the subjects well, the second and third images are
reasonably generated but our Black Scholes method generates a clearer image of the penguin
blended cat, and teddy bear blended cat, the results of Alt. for the fourth case has artifacts and
Step does not describe the cat well, the teddy bear is not well described in the fifth image. Our
Black Scholes method is able to generate images that capture the fine-grained characteristics of
objects corresponding to both text prompts, and the generated images look realistic with minimal
artifacts. The text prompts are from set 3.
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Figure 10.6: Vanilla stable diffusion (SD) is able to generate images satisfying both text prompts
in many cases, however it misses out on the fine-grained characteristics of the individual text
prompts. The first two images are cartoon-ish, and Northern lights is not clearly depicted. The
third image also misses a clear description of Northern lights. In the fourth image, some of the
billboards in Times Square are green, but there is no sign of Northern lights. In the fifth image,
the sunset is missing. Linear interpolation generates images that are not consistent with the text
prompts. CLIP Min results are biased towards one of the prompts for all images, except the
second one. Alternating sampling and Step wise inference strategies generate images with a lot
of artifacts, and the generated images are perceptually implausible in many cases. In the first
image, the kangaroo is not generated well (almost flying in Alt’s result, and the characteristics
of the kangaroo are not well generated by Step). In the second image, the characteristics of the
tulip garden are not well represented. In the third image, notice how our model generates the
characteristics of the sunset and Northern lights better, while ensuring that they are blended well
to form a realistic image. In the fourth image, Alt and Step miss out on the characteristics of
Times Square and Northern lights respectively. In the fifth image, Alt and Step miss out on the
characteristics of Times Square and the sunset respectively. Our Black Scholes method is able
to generate images that capture the fine-grained characteristics of objects corresponding to both
text prompts, and the generated images look realistic with minimal artifacts. The text prompts
are from set 4.
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images with significant quality differences. Due to its learned nature, CLIP is vulnerable to

hallucination and bias issues related to its training data. Consequently, it may assign similar

scores to images that exhibit general characteristics of the text prompt, without focusing on

specific details and features of the scene entities described in the text prompt. To address this,

future research could explore more advanced image-language models [497] for evaluation; the

development of good metrics for the evaluation of generative models is a widespread issue, and

could help better quantify the performance of our method. (ii) Our study focuses on prompt

mixing with two prompts. Investigating the impact of using more than two prompts could be a

promising direction for future work. (iii) While our method leverages diffusion models, it may

not be applicable to non-Gaussian [498] diffusion models or one-step diffusion models [499], as

demonstrated in recent research.

Moreover, future work on integrating our approach with recent advancements in attention

guidance, layout modeling, and related areas could extend its applicability to critical downstream

tasks such as image editing [355, 389, 417], compositionality [4, 449], handling complex prompts [476],

text-based view synthesis [14, 356] and personalized image generation [28, 388]. While recognizing

the success of recent text-to-image models like Dalle-3, Stable Diffusion 3, Firefly 3, and Imagen

3 in generating images from diverse and complex text prompts, we introduce a data-efficient

approach to prompt mixing. Our method offers advantages over previous techniques for prompt-

mixing, and future extension could explore integrating our model’s benefits into state-of-the-art

text-to-image architectures for data efficient prompt mixing and downstream applications.

248



Part VI

Conclusions and Future Directions
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In the earlier chapters, we explored learning from limited data. The central concept in

our dissertation involves harnessing existing data from related domains, pretrained models, and

classical computer vision techniques to improve data efficiency across perception and synthesis

tasks. These ideas are summarized below:

• Domain adaptation for autonomous driving: Leveraging related domain data for semantic

segmentation in unstructured traffic environments (Chapter 1), Utilizing pretrained models

and minimal data for road segmentation in hazardous weather (Chapter 2), Proposing a

generic approach that combines pretrained models with intelligent sample selection in

unlabeled domains (Chapter 3).

• Video action recognition for autonomous aerial vehicles: Employing Fast Fourier Transform

(Chapter 4) and Differentiability (Chapter 5) techniques to learn effective video representations

with limited data compared to traditional front-view images.

• Aerial view synthesis: Using homography and diffusion sampling principles (Chapter 6)

and mutual information-based techniques (Chapter 7) to synthesize aerial views from a

single exemplar front-view image using pretrained models.

• Controllable image and video synthesis: Employing frequency guidance (Chapter 8) and

text prompting strategies (Chapter 9) to generate customized multi-concept images and

videos from pretrained models and single exemplar images.

• Text prompt mixing for image synthesis: Leveraging the connection between image diffusion

models and financial models (Chapter 10) to create images at the intersection of different

text prompts using pretrained diffusion models without additional training data.

250



Our research focuses on developing data-efficient state-of-the-art methods. Throughout this

dissertation, we’ve advanced the field in computer vision-based perception and synthesis tasks.

Specifically, the applications of my work are as follows:

• Domain adaptation and aerial video recognition benefit autonomous ground and aerial

vehicles.

• Synthesizing aerial views from front images aids autonomous aerial vehicles, cross-view

mapping/navigation, and AR/VR.

• Controllable image and video synthesis, along with prompt mixing, has applications in

movie creation, animation, and graphics.

Importantly, the fundamental techniques that we have proposed can also extend beyond the

specific contexts presented in this dissertation. While our research makes encouraging progress

toward data efficiency, there remain unexplored directions. While not exhaustive, there are

several intriguing directions that can be explored:

• Data efficient and domain-Generalizable Multimodal Foundational Models: Current foundational

models across text, image, audio, and multimodal domains are heavily reliant on extensive

datasets. For instance, consider generating a video of two pink cats dancing in a garden

under the northern lights, all from a simple text prompt. Today’s image generation models

can accomplish this due to the vast amounts of data they’ve been trained on. But what

if we want to extend this capability to video or audio? Collecting data at such a scale

is impractical, which has led to the exploration of data-efficient multimodal foundational

model techniques. Additionally, these models often struggle with generalizability beyond
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their training domains. Therefore, researching domain-generalizable, data-efficient multimodal

models presents an exciting opportunity for future exploration. Some directions include

using classical techniques, physics priors, pretrained models, data from related domains,

etc.

• Real-World Applications: Embodied AI, robot and autonomous driving applications operate

in complex real-world environments. Gathering data for every conceivable scenario is not

practical, and scaling up to accommodate multiple modalities—like various sensors and

LiDAR—is simply unfeasible. Addressing this challenge represents another critical area

of exploration.

• Sustainable AI and social good: Can we train models that conserve GPU hours, mitigate

global warming, and promote sustainable deep learning? Data-efficient techniques play a

crucial role in social good applications, such as satellite imagery analysis, wildlife conservation,

and medical imaging, where data collection is challenging.

My long-standing research goal is to develop intelligent, data-efficient solutions that address

impactful real-world problems. My dissertation represents a positive step forward, and I remain

committed to advancing this goal in the future.

252



Bibliography

[1] Shirsendu Sukanta Halder, Jean-François Lalonde, and Raoul de Charette. Physics-based
rendering for improving robustness to rain. In ICCV, 2019.

[2] Zhonghao Wang, Yunchao Wei, Rogerio Feris, Jinjun Xiong, Wen-Mei Hwu, Thomas S
Huang, and Honghui Shi. Alleviating semantic-level shift: A semi-supervised domain
adaptation method for semantic segmentation. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition Workshops, pages 936–937,
2020.

[3] Hila Chefer, Yuval Alaluf, Yael Vinker, Lior Wolf, and Daniel Cohen-Or. Attend-and-
excite: Attention-based semantic guidance for text-to-image diffusion models. ACM
Transactions on Graphics (TOG), 42(4):1–10, 2023.

[4] Aishwarya Agarwal, Srikrishna Karanam, KJ Joseph, Apoorv Saxena, Koustava Goswami,
and Balaji Vasan Srinivasan. A-star: Test-time attention segregation and retention for
text-to-image synthesis. In Proceedings of the IEEE/CVF International Conference on
Computer Vision, pages 2283–2293, 2023.

[5] Christos Sakaridis, Dengxin Dai, and Luc Van Gool. Guided curriculum model
adaptation and uncertainty-aware evaluation for semantic nighttime image segmentation.
In Proceedings of the IEEE/CVF International Conference on Computer Vision, pages
7374–7383, 2019.

[6] Christos Sakaridis, Dengxin Dai, Simon Hecker, and Luc Van Gool. Model adaptation with
synthetic and real data for semantic dense foggy scene understanding. In Proceedings of
the European Conference on Computer Vision (ECCV), pages 687–704, 2018.

[7] Christoph Feichtenhofer. X3d: Expanding architectures for efficient video recognition. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
pages 203–213, 2020.

[8] Bahjat Kawar, Shiran Zada, Oran Lang, Omer Tov, Huiwen Chang, Tali Dekel, Inbar
Mosseri, and Michal Irani. Imagic: Text-based real image editing with diffusion models.
arXiv preprint arXiv:2210.09276, 2022.

253



[9] Ruoshi Liu, Rundi Wu, Basile Van Hoorick, Pavel Tokmakov, Sergey Zakharov, and Carl
Vondrick. Zero-1-to-3: Zero-shot one image to 3d object. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, pages 9298–9309, 2023.

[10] Ruoxi Shi, Hansheng Chen, Zhuoyang Zhang, Minghua Liu, Chao Xu, Xinyue Wei,
Linghao Chen, Chong Zeng, and Hao Su. Zero123++: a single image to consistent multi-
view diffusion base model. arXiv preprint arXiv:2310.15110, 2023.

[11] Matt Deitke, Dustin Schwenk, Jordi Salvador, Luca Weihs, Oscar Michel, Eli VanderBilt,
Ludwig Schmidt, Kiana Ehsani, Aniruddha Kembhavi, and Ali Farhadi. Objaverse:
A universe of annotated 3d objects. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pages 13142–13153, 2023.

[12] Fisher Yu, Wenqi Xian, Yingying Chen, Fangchen Liu, Mike Liao, Vashisht Madhavan,
and Trevor Darrell. Bdd100k: A diverse driving video database with scalable annotation
tooling. arXiv preprint arXiv:1805.04687, 2(5):6, 2018.

[13] Christoph Schuhmann, Romain Beaumont, Richard Vencu, Cade Gordon, Ross Wightman,
Mehdi Cherti, Theo Coombes, Aarush Katta, Clayton Mullis, Mitchell Wortsman, et al.
Laion-5b: An open large-scale dataset for training next generation image-text models.
arXiv preprint arXiv:2210.08402, 2022.

[14] Divya Kothandaraman, Tianyi Zhou, Ming Lin, and Dinesh Manocha. Aerialbooth:
Mutual information guidance for text controlled aerial view synthesis from a single image.
arXiv preprint arXiv:2311.15478, 2023.

[15] Divya Kothandaraman, Rohan Chandra, and Dinesh Manocha. Ss-sfda: Self-supervised
source-free domain adaptation for road segmentation in hazardous environments. arXiv
preprint arXiv:2012.08939, 2020.

[16] Qinwei Xu, Ruipeng Zhang, Ya Zhang, Yanfeng Wang, and Qi Tian. A fourier-based
framework for domain generalization. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pages 14383–14392, 2021.

[17] Yanchao Yang and Stefano Soatto. Fda: Fourier domain adaptation for semantic
segmentation. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 4085–4095, 2020.

[18] Fisher Yu, Vladlen Koltun, and Thomas Funkhouser. Dilated residual networks. In CVPR,
2017.

[19] Wilko Schwarting, Javier Alonso-Mora, and Daniela Rus. Planning and decision-making
for autonomous vehicles. Annual Review of Control, Robotics, and Autonomous Systems,
2018.

[20] Alexandra S Mueller and Lana M Trick. Driving in fog: The effects of driving experience
and visibility on speed compensation and hazard avoidance. Accident Analysis &
Prevention, 48:472–479, 2012.

254



[21] Marius Cordts, Mohamed Omran, Sebastian Ramos, Timo Rehfeld, Markus Enzweiler,
Rodrigo Benenson, Uwe Franke, Stefan Roth, and Bernt Schiele. The cityscapes dataset
for semantic urban scene understanding. In Proceedings of the IEEE conference on
computer vision and pattern recognition, pages 3213–3223, 2016.

[22] Tianjiao Li, Jun Liu, Wei Zhang, Yun Ni, Wenqian Wang, and Zhiheng Li. Uav-human:
A large benchmark for human behavior understanding with unmanned aerial vehicles. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition,
pages 16266–16275, 2021.

[23] Asanka G Perera, Yee Wei Law, and Javaan Chahl. Drone-action: An outdoor recorded
drone video dataset for action recognition. Drones, 3(4):82, 2019.

[24] Joao Carreira and Andrew Zisserman. Quo vadis, action recognition? a new model and the
kinetics dataset. In proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition, pages 6299–6308, 2017.

[25] Gunnar A Sigurdsson, Abhinav Gupta, Cordelia Schmid, Ali Farhadi, and Karteek Alahari.
Charades-ego: A large-scale dataset of paired third and first person videos. arXiv preprint
arXiv:1804.09626, 2018.

[26] Krishna Regmi and Ali Borji. Cross-view image synthesis using geometry-guided
conditional gans. Computer Vision and Image Understanding, 187:102788, 2019.

[27] Hao Tang, Dan Xu, Nicu Sebe, Yanzhi Wang, Jason J Corso, and Yan Yan. Multi-channel
attention selection gan with cascaded semantic guidance for cross-view image translation.
In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition,
pages 2417–2426, 2019.

[28] Nataniel Ruiz, Yuanzhen Li, Varun Jampani, Yael Pritch, Michael Rubinstein, and Kfir
Aberman. Dreambooth: Fine tuning text-to-image diffusion models for subject-driven
generation. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 22500–22510, 2023.

[29] Fischer Black and Myron Scholes. The pricing of options and corporate liabilities. In
World Scientific Reference on Contingent Claims Analysis in Corporate Finance: Volume
1: Foundations of CCA and Equity Valuation, pages 3–21. World Scientific, 2019.

[30] Yilei Sun Brenda Goh. Tesla ’very close’ to level 5 autonomous driving technology. link,
2020.

[31] Liang-Chieh Chen, George Papandreou, Iasonas Kokkinos, Kevin Murphy, and Alan L
Yuille. Deeplab: Semantic image segmentation with deep convolutional nets, atrous
convolution, and fully connected crfs. PAMI, 40(4), 2017.

[32] Markus Hofmarcher, Thomas Unterthiner, José Arjona-Medina, Günter Klambauer, Sepp
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