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Generative models are a class of statistical models that estimate the joint
probability distribution on a given observed variable and a target variable. In
computer vision, generative models are typically used to model the joint proba-
bility distribution of a set of real image samples assumed to be on a complex high-
dimensional image manifold. The recently proposed deep generative architec-
tures such as Variational Autoencoders (VAEs), Generative Adversarial Networks
(GANSs), and diffusion models (DMs) were shown to generate photo-realistic im-
ages of human faces and other objects. These generative models also became
popular for other generative tasks such as image editing, text-to-image, etc. As
appealing as the perceptual quality of the generated images has become, the use
of generative models for discriminative tasks such as visual recognition or ge-
ometry estimation has not been well studied. Moreover, with different kinds of
powerful generative models getting popular lately, it’s important to study their

significance in other areas of computer vision. In this dissertation, we demon-



strate the advantages of using generative models for applications that go beyond
just photo-realistic image generation: Unsupervised Domain Adaptation (UDA)
between synthetic and real datasets for geometry estimation; Text-based image
segmentation for recognition.

In the first half of the dissertation, we propose a novel generative-based
UDA method for combining synthetic and real images when training networks
to determine geometric information from a single image. Specifically, we use a
GAN model to map both synthetic and real domains into a shared image space
by translating just the domain-specific task-related information from respective
domains. This is connected to a primary network for end-to-end training. Ide-
ally, this results in images from two domains that present shared information to
the primary network. Compared to previous approaches, we demonstrate an im-
proved domain gap reduction and much better generalization between synthetic
and real data for geometry estimation tasks such as monocular depth estimation
and face normal estimation.

In the second half of the dissertation, we showcase the power of a recent
class of generative models for improving an important recognition task: text-
based image segmentation. Specifically, large-scale pre-training tasks like im-
age classification, captioning, or self-supervised techniques do not incentivize
learning the semantic boundaries of objects. However, recent generative foun-
dation models built using text-based latent diffusion techniques may learn se-
mantic boundaries. This is because they must synthesize intricate details about

all objects in an image based on a text description. Therefore, we present a tech-



nique for segmenting real and Al-generated images using latent diffusion models
(LDMs) trained on internet-scale datasets. First, we show that the latent space of
LDMs (z-space) is a better input representation compared to other feature rep-
resentations like RGB images or CLIP encodings for text-based image segmenta-
tion. By training the segmentation models on the latent z-space, which creates
a compressed representation across several domains like different forms of art,
cartoons, illustrations, and photographs, we are also able to bridge the domain
gap between real and Al-generated images. We show that the internal features of
LDMs contain rich semantic information and present a technique in the form of
LD-ZNet to further boost the performance of text-based segmentation. Overall,
we show up to 6% improvement over standard baselines for text-to-image seg-
mentation on natural images. For Al-generated imagery, we show close to 20%

improvement compared to state-of-the-art techniques.
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Chapter 1: Introduction

1.1 Motivation

The recently proposed deep generative architectures such as Variational
Autoencoders (VAEs), Generative Adversarial Networks (GANs) and Diffusion
models (DMs) were shown to exhibit photo-realistic image generation quality.
Many generative applications such as image editing, text-to-image etc also be-
came popular with these models. However, the use of these generative models
for tasks such as representation learning, visual recognition or geometry estima-
tion has been little explored. Typically, such discriminative tasks are solved with
CNN or transformer based classifiers that excel at obtaining decision boundaries
between classes in the training data. Deep generative models on the other hand,
estimate the joint probability distribution of the entire training data. Such mod-
els hold more information about the training data and are capable of generating
realistic looking samples from the distribution. Moreover, with the size of the
datasets getting bigger and the architectures becoming more powerful, exploring
the importance of deep generative models for tasks that go beyond just image
generation becomes critical.

Generative models have been studied for tasks such as representation learn-
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Figure 1.1: Generative models can be used to reduce domain gap between labeled source

and unlabeled target domains.

ing [1-7], synthetic data generation [8-10], domain adaptation [11-15] etc. How-
ever the rapid progress in the generative models research and the underlying
techniques did not scale similarly in these areas. In this dissertation, we attempt
to explore and leverage specific deep generative models to improve performance
in estimation and recognition tasks namely 1) Unsupervised domain adaptation
for geometry estimation and 2) Text-based image segmentation, respectively.
Unsupervised domain adaptation refers to the problem of reducing the do-
main gap between a labeled source domain and an unlabeled target domain. For
geometry estimation such as monocular depth estimation (MDE) and face nor-
mal estimation (FNE), some lines of work depend on the vast amount of labeled
synthetic data as the source domain and attempt to make it generalize to the real
data. Previous works that used generative models for unsupervised geometry
estimation, proposed to translate the synthetic data into real-like or vice-versa.
However, such an inter-domain mapping is an unnecessarily challenging prob-
lem for the generative model and would serve as a bottleneck for the downstream
primary task network. We propose a better way to reduce the domain gap by us-

ing a GAN based framework that translates just the right amount of information
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Figure 1.2: Text-based image segmentation aims to segment regions in the image that

refer to an input text prompt.

from both synthetic and real domains into a shared image space. A high level
overview of the proposed approach is illustrated in Figure 1.1. This shared im-
age space is shown to have better properties in terms of domain generalization
for geometry estimation. Specifically, we observe it is only necessary to translate
the domain-specific task related information of respective domains into a shared
image space. This mapping need not modify the information of original domains
that is not related to the primary task as the primary network will learn to ignore
them regardless. This simple and intuitive formulation combined with the im-
age translation ability of the generative model, helps the primary task network
to look at shared information from both domains with much less domain gap
leading to better generalization.

Also, with recent advances in diffusion models (DMs) [16, 17] in uncon-
ditional and class conditional settings, they have started gaining more traction
compared to GANs. This class of generative models became even more popular

for their generated visual quality in text-to-image tasks. Recently, latent diffusion



models (LDMs) [18] were proposed that operate on a perceptually compressed la-
tent space obtained from an internal first stage. LDMs became a popular choice
for text-to-image applications for their ability to learn and operate with lower
computational cost and on large scale datasets. Such large scale LDMs were
shown to exhibit photo-realistic text-to-image visual quality and lead to several
visual-linguistic applications such as text guided image inpainting, personalized
text-to-image etc. This indicates that pretrained LDMs contain semantic infor-
mation about various objects from the internet. However, the usefulness of these
powerful LDMs have not been explored for text-based recognition problems such
as text-based segmentation task illustrated in Figure 1.2. In this dissertation,
we propose a text-based segmentation network named LD-ZNet that utilizes an
LDM pretrained on large datasets. We show that the segmentation network, with
the help of LDM, learns knowledge of novel concepts from the internet without
requiring annotations. Overall, our LD-ZNet can segment objects from the inter-
net in various imagery such as real, AI-Generated, animations, illustrations and

celebrity images.

1.2 Dissertation Outline and Contributions

1.2.1 Leveraging GANs for Unsupervised Geometry Estimation
(Chapter 2)

In this Chapter, we propose a novel generative-based UDA method for com-
bining labeled-synthetic and unlabeled-real images when training networks to

4



determine geometric information from a single image. Our proposal outlines
a strategy to project both image categories into a single, shared domain. This
shared domain acts as input to the primary network during end-to-end training.
Consequently, the primary network learns from the shared information of both
domains and generalizes much better to real-images during test-time. Our ex-
periments demonstrate significant improvements over the state-of-the-art in two
important domains, surface normal estimation of human faces and monocular

depth estimation for outdoor scenes, both in an unsupervised setting.

1.2.2 Leveraging LDMs for Text-Based Segmentation (Chapter 3)

In this Chapter, we propose LD-ZNet a text-based segmentation network
that uses an LDM pretrained on large-scale data. Specifically, we suggest a way
to use the z-space and the internal representations inside the LDM to improve
segmentation performance for novel concepts on various imagery such as real,
Al-generated, animations, illustrations and celebrity images. We additionally
create a new dataset named AIGI consisting of AI-Generated images along with
object labels and categorical captions for evaluating the generalization ability
of text-based segmentation methods to AI-Generated content. We show a huge
improvement of around 20% for LD-ZNet over existing text-based segmentation

methods on the AIGI dataset.



1.2.3 Bidirectional Convolutional LSTM for the Detection of Vio-
lence in Videos (Appendix A)

IThe field of action recognition has gained tremendous traction in recent
years. A subset of this, detection of violent activity in videos, is of great impor-
tance, particularly in unmanned surveillance or crowd footage videos. In this
appendix, we explore this problem on three standard benchmarks widely used
for violence detection: the Hockey Fights, Movies, and Violent Flows datasets.
To this end, we introduce a Spatiotemporal Encoder, built on the Bidirectional
Convolutional LSTM (BiConvLSTM) architecture. The addition of a bidirectional
temporal encoding and the elementwise max pooling of these encodings in the
Spatiotemporal Encoder is novel in the field of violence detection. This addi-
tion is motivated by a desire to derive better video representations via leveraging
long-range information in both temporal directions of the video. We find that
the Spatiotemporal network is comparable in performance with existing meth-
ods for all of the above datasets. A simplified version of this network, the Spatial
Encoder is sufficient to match state-of-the-art performance on the Hockey Fights
and Movies datasets. However, on the Violent Flows dataset, the Spatiotemporal

Encoder outperforms the Spatial Encoder.

!This is placed in the appendix because it is an early thesis work that does not directly connect

to the main content of this dissertation.



Chapter 2: GANSs for Unsupervised Geometry Estimation

'Understanding geometry from images is a fundamental problem in com-
puter vision. It has many important applications. For instance, Monocular Depth
Estimation (MDE) is important for synthetic object insertion in computer graph-
ics [20], grasping in robotics [21] and safety in self-driving cars. Face Normal Es-
timation can help in face image editing applications such as relighting [22-24].
However, it is extremely hard to annotate real data for these regression tasks.
Synthetic data and their ground truth labels, on the other hand, are easy to gen-
erate and are often used to compensate for the lack of labels in real data. Deep
models trained on synthetic data, unfortunately, usually perform poorly on real
data due to the domain gap between synthetic and real distributions. To deal with
this problem, several research studies [25-28] have proposed unsupervised do-
main adaptation methods to take advantage of synthetic data by mapping it into
the real domain or vice versa, either at the feature level or image level. However,
mapping examples from one domain to another domain itself is a challenging
problem that can limit performance.

We observe that finding such a mapping solves an unnecessarily difficult

'"Work done with Hao Zhou and David Jacobs. Accepted [19] in CVPR 2020.
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Figure 2.1: We propose to reduce the domain gap between synthetic and real by mapping
the corresponding domain specific information related to the primary task (d;,0,) into

shared information 6, preserving everything else.

problem. To train a regressor that applies to both real and synthetic domains, it
is only necessary that we map both to a new representation that contains the task-
relevant information present in both domains, in a common form. The mapping
need not alter properties of the original domain that are irrelevant to the task
since the regressor will learn to ignore them regardless.

To see this, we consider a simplified model of our problem. We suppose
that real and synthetic images are formed by two components: domain agnostic
(which has semantic information shared across synthetic and real, and is denoted
as I) and domain specific. We further assume that domain specific information
has two sub-components: domain specific information unrelated to the primary
task (denoted as 0; and 0, for synthetic and real images respectively) and domain
specific information related to the primary task (65, 6,). So real and synthetic
images can be represented as: x, = f(I,0,,0;) and x; = f(I, 6, 0.) respectively.

We believe the domain gap between {6, and 0,} can affect the training of the
primary network, which learns to expect information that is not always present.

The domain gap between {6, and 6,}, on the other hand, can be bypassed by the



primary network since it does not hold information needed for the primary task.
For example, in real face images, information such as the color and texture of
the hair is unrelated to the task of estimating face normals but is discriminative
enough to distinguish real from synthetic faces. This can be regarded as domain
specific information unrelated to the primary task i.e., 0;. On the other hand,
shadows in the real and synthetic images, due to the limitations of the rendering
engine, may have different appearances but may contain depth cues that are re-
lated to the primary task of MDE in both domains. The simplest strategy, then,
for combining real and synthetic data is to map 9, and 6, to a shared representa-
tion, o, while not modifying 6; and o, as shown in Figure 2.1.

Recent research studies show that a shared network for synthetic and real
data can help reduce the discrepancy between images in different domains. For
instance, [22] achieved state-of-the-art results in face normal estimation by train-
ing a unified network for real and synthetic data. [13] learned the joint distri-
bution of multiple domain images by enforcing a weight-sharing constraint for
different generative networks. Inspired by these research studies, we define a
unified mapping function G, which is called SharinGAN, to reduce the domain
gap between real and synthetic images.

Different from existing research studies, our G is trained so that minimum
domain specific information is removed. This is achieved by pre-training G as an
auto-encoder on real and synthetic data, i.e., initializing G as an identity func-
tion. Then G is trained end-to-end with reconstruction loss in an adversarial

framework, along with a network that solves the primary task, further pushing

9



G to map information relevant to the task to a shared domain.

As a result, a successfully trained G will learn to reduce the domain gap
existing in o5 and §,, mapping them into a shared domain oy, G will leave I
unchanged. o; and 9, can be left relatively unchanged when it is difficult to
map them to a common representation. Mathematically, G(x;) = f(I, o5, 07) and
G(x,) = f(I, 05y, 0;). If successful, G will map synthetic and real images to images
that may look quite different to the eye, but the primary task network will extract
the same information from both.

We apply our method to unsupervised monocular depth estimation using
virtual KITTI (vKITTI) [29] and KITTI [30] as synthetic and real datasets respec-
tively. Our method reduces the absolute error in the KITTI eigen test split and
the test set of Make3D [31] by 23.77% and 6.45% respectively compared with the
state-of-the-art method [27]. Additionally, our proposed method improves over
SfSNet [22] on face normal estimation. It yields an accuracy boost of nearly 4.3%
for normal prediction within 20° (Acc < 20°) of ground truth on the Photoface

dataset [32].

2.1 Related Work

Monocular Depth Estimation has long been an active area in computer
vision. Because this problem is ill-posed, learning-based methods have predomi-
nated in recent years. Many early learning works applied Markov Random Fields

(MRF) to infer the depth from a single image by modeling the relation between

10



nearby regions [31, 33, 34]. These methods, however, are time-consuming dur-
ing inference and rely on manually defined features, which have limitations in
performance.

More recent studies apply deep Convolutional Neural Networks (CNNs)
[35-42] to monocular depth estimation. Eigen [35] first proposed a multi-scale
deep CNN for depth estimation. Following this work, [36] proposed to apply
CNN: s to estimate depth, surface normal and semantic labels together. [37] com-
bined deep CNNs with a continuous CRF for monocular depth estimation. One
major drawback of these supervised learning-based methods is the requirement
for a huge amount of annotated data, which is hard to obtain in reality.

With the emergence of large scale, high-quality synthetic data [29], using
synthetic data to train a depth estimator network for real data became popu-
lar [26,27]. The biggest challenge for this task is the large domain gap between
synthetic data and real data. [28] proposed to first train a depth prediction net-
work using synthetic data. A style transfer network is then trained to map real
images to synthetic images in a cycle consistent manner [43]. [25] proposed to
adapt the features of real images to the features of synthetic images by applying
adversarial loss on latent features. A content congruent regularization is further
proposed to avoid mode collapse. T?Net [26] trained a network that translates
synthetic data into real at the image level and further trained a task network in
this translated domain. GASDA [27] proposed to train the network by incorporat-
ing epipolar geometry constraints for real data along with the ground truth labels
for synthetic data. All these methods try to align two domains by transferring one
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domain to another. Unlike these works, we propose a mapping function G, also
called SharinGAN, to just align the domain specific information that affects the
primary task, resulting in a minimum change in the images in both domains. We
show that this makes learning the primary task network much easier and can
help it focus on the useful information.

Self-supervised learning is another way to avoid collecting ground truth
labels for monocular depth estimation. Such methods need monocular videos
[44-47], stereo pairs [48-51], or both [47] for training. Our proposed method is
complementary to these self-supervised methods, it does not require this addi-
tional data, but can use it when available.

Face Geometry Estimation is a sub-problem of inverse face rendering which
is the key for many applications such as face image editing. Conventional face ge-
ometry estimation methods are usually based on 3D Morphable Models (3DMM)
[52]. Recent studies demonstrate the effectiveness of deep CNNs for solving this
problem [22,53-58]. Thanks to the 3DMM, generating synthetic face images
with ground truth geometry is easy. [22,53,54]| make use of synthetic face images
with ground truth shape to help train a network for predicting face shape using
real images. Most of these works initially pre-train the network with synthetic
data and then fine-tune it with a mix of real and synthetic data, either using no
supervision or weak supervision, overlooking the domain gap between real and
synthetic face images. In this work, we show that by reducing the domain gap
between real and synthetic data using our proposed method, face geometry can
be better estimated.
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Domain Adaptation using GANs There are many works [11-15] that use a
GAN framework to perform domain adaptation by mapping one domain into an-
other via a supervised translation. However, most of these show performance on
just toy datasets in a classification setting. We attempt to map both synthetic and
real domains into a new shared domain that is learned during training and use
this to solve complex problems of unsupervised geometry estimation. Moreover,
we apply adversarial loss at the image level for our regression task, in contrast to
some of the above previous works where domain invariant feature engineering

sufficed for classification tasks.

2.2 Approach

To compensate for the lack of annotations for real data and to train a pri-
mary task network on easily available synthetic data, we propose SharinGAN
to reduce the domain gap between synthetic and real. We aim to train a pri-
mary task network on a shared domain created by SharinGAN, which learns the
mapping function G : x, — x* and G : x, — x5, where x; = f(I, Oks 01); xih =
f(I,041,0;); k € {r,s} as shown in Figure 2.1. G allows the primary task network
to train on a shared space that holds the information needed to do the primary
task, making the network more applicable to real data during testing.

To achieve this, an adversarial loss is used to find the shared information,

dsp. This is done by minimizing the discrepancy in the distributions of x5 and

x$". But at the same time, to preserve the domain agnostic information (shared
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Figure 2.2: Overview of the model architecture. Red dashed arrows indicate the loss

computations.

semantic information I), we use reconstruction loss. Now, without a loss from
the primary task network, G might change the images so that they don’t match
the labels. To prevent that, we additionally use a primary task loss for both real
and synthetic examples to guide the generator. It is important to note that both
the translations from synthetic to real and vice versa are equally crucial for this
symmetric setup to find a shared space. To facilitate that, we use a form of weak
supervision we call virtual supervision. Some possible virtual supervisions in-
clude a prior on the input data or a constraint that can narrow the solution space
for the primary task network (details discussed in 2.2.2.2). For synthetic exam-
ples, we use the known labels.

Adversarial, Reconstruction and Primary task losses together train the gen-
erator and primary task network to align the domain specific information {d, 9,}

in both the domains into a shared space 0y, preserving everything else.
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2.2.1 Framework

In this work, we propose to train a generative network which is called
SharinGAN, to reduce the domain gap between real and synthetic data so as
to help to train the primary network. Figure 2.2 shows the framework of our
proposed method. It contains a generative network G, a discriminator on image-
level D that embodies the SharinGAN module and a task network T to perform
the primary task. The generative network G takes either a synthetic image x; or

S or x$" in an attempt to fool D. Dif-

real image x, as input and transforms it to x
ferent from existing works that transfer images in one domain to another [26-28],
our generative network G tries to map the domain specific parts 6; and 9, of syn-

thetic and real images to a shared space oy, leaving 6; and 0, unchanged. As a

result, our transformed synthetic and real images (x3" and x5") have fewer differ-

sh

ences from x; and x,. Our task network T then takes the transformed images x;

and xi" as input and predicts the geometry. The generative network G and task

network T are trained together in an end-to-end manner.

2.2.2 Losses

2.2.2.1 Losses for Generative Network

We design a single generative network G for synthetic and real data since
sharing weights can help align distributions of different domains [13]. Moreover,

existing research studies such as [22, 54] also demonstrate that a unified frame-
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work works reasonably well on synthetic and real images. In order to map 9;
and o, to a shared space oy, we apply adversarial loss [59] at the image level.
More specifically, we use the Wasserstein discriminator [60] that uses the Earth-
Mover’s distance to minimize the discrepancy between the distributions for syn-

thetic and real examples {G(xy), G(x,)}, i.e.:
Lw(D,G) = Ey [D(G(x,))] - Ex, [D(G(x,))], (2.1)

D is a discriminator and G, is the encoder part of the generator. Following [61],
to overcome the problem of vanishing or exploding gradients due to the weight
clipping proposed in [60], a gradient penalty term is added for training the dis-

criminator:

Ley(D) = (VD) -1) (2.2)
Our overall adversarial loss is then defined as:

Lagy = Lw(D,G)~ALg,(D) (2.3)

where A is chosen to be 10 while training the discriminator and 0 while training
the generator.

Without any constraints, the adversarial loss may learn to remove all do-
main specific parts 6 and ¢’ or even some of the domain agnostic part I in order
to fool the discriminator. This may lead to loss of geometric information, which
can degrade the performance of the primary task network T. To avoid this, we

propose to use the self-regularization loss similar to [62] to force the transformed
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image to keep as much information as possible:

Lr = ”G(xs)_xs”%+||G(xr)_xrl|%' (24)

2.2.2.2 Losses for the Task Network

The task network takes transformed synthetic or real images as input and
predicts geometric information. Since the ground truth labels for synthetic data
are available, we apply a supervised loss using these ground truth labels. For
real images, domain specific losses or regularizations are applied as a form of
virtual supervision for training according to the task. We apply our proposed
SharinGAN to two tasks: monocular depth estimation (MDE) and face normal
estimation (FNE). For MDE, we use the combination of depth smoothness and
geometric consistency losses used in GASDA [27] as the virtual supervision. For
FNE however, for virtual supervision we use the pseudo supervision used in SfS-
Net [22]. We use the term “virtual supervision” to summarize these two losses as

a kind of weak supervision on the real examples.

2.2.2.3 Monocular Depth Estimation

To make use of ground truth labels for synthetic data, we apply L; loss for

predicted synthetic depth images:

Ly =195 = yslh (2.5)

where 7 is the predicted synthetic depth map and y; is its corresponding ground
truth. Following [27], we apply smoothness loss on depth Lpg to encourage it to
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be consistent with local homogeneous regions. Geometric consistency loss Lg¢
is applied so that the task network can learn the physical geometric structure

through epipolar constraints. Lpg and Lgc are defined as:

Lps = e V|V, || (2.6)

1-SSIM(x,,x,,)
2

Lgc=1 + pllx, — x|, (2.7)

v, represents the predicted depth for the real image and V represents the first
derivative. x, is the left image in the KITTI dataset [30]. x;, is the inverse warped
image from the right counterpart of x, based on the predicted depth 9,. The
KITTI dataset [30] provides the camera focal length and the baseline distance
between the cameras. Similar to [27], we set 7 as 0.85 and p as 0.15 in our exper-

iments. The overall loss for the task network is defined as:

Lt =pB1Lps+ BoL1 + B3Lge, (2.8)

where g; = 0.01, 8, = 83 = 100.

2.2.2.4 Face Normal Estimation

SfSnet [22] currently achieves the best performance on face normal esti-
mation. We thus follow its setup for face normal estimation and apply “SfS-

supervision” for both synthetic and real images during training.
Lt = AeconLrecon + ANLN + AaLa + /\LightLLightr (2.9)

where L,..,,, Ly and Ly are L losses on the reconstructed image, normal and
albedo, whereas Ljjqp; is the L2 loss over the 27 dimensional spherical harmonic
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coefficients. The supervision for real images is from the “pseudo labels”, obtained
by applying a pre-trained task network on real images. Please refer to [22] for

more details.

2.2.2.5 Overall loss

The overall loss used to train our geometry estimation pipeline is then de-
fined as:

L=aiL,, +aL, +aszLy. (2.10)

where (a1, @y, a3) = (1,10, 1) for monocular depth estimation task and (ay, ay, a3) =

(1,10,0.1) for face normal estimation task.

2.3 Experiments

We apply our proposed SharinGAN to monocular depth estimation and face

normal estimation. We discuss the details of the experiments in this section.

2.3.1 Monocular Depth Estimation

2.3.1.1 Datasets

Following [27], we use VKITTI [29] and KITTI [30] as synthetic and real
datasets to train our network. vKITTI contains 21,260 image-depth pairs, which
are all used for training. KITTI [30] provides 42,382 stereo pairs, among which,
22,600 images are used for training and 888 are used for validation as suggested
by [27].
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2.3.1.2 Implementation details

We use a generator G and a primary task network T, whose architectures
are identical to [27]. We pre-train the generative network G on both synthetic
and real data using reconstruction loss L,. This results in an identity mapping
that can help G to keep as much of the input image’s geometry information as
possible. Our task network is pre-trained using synthetic data with supervision.
G and T are then trained end to end using Equation 2.10 for 150,000 iterations
with a batch size of 2, by using an Adam optimizer with a learning rate of 1e—5.

The best model is selected based on the validation set of KITTI.

2.3.1.3 Results

Table 2.1 shows the quantitative results on the eigen test split of the KITTI
dataset for different methods on the MDE task. The proposed method outper-
forms the previous unsupervised domain adaptation methods for MDE [26, 27]
on almost all the metrics. Especially, compared with [27], we reduce the abso-
lute error by 19.7% and 21.0% on 80m cap and 50m cap settings respectively.
Moreover, the performance of our method is much closer to the methods in a
supervised setting [35,37,63], which was trained on the real KITTI dataset with
ground truth depth labels. Figure 2.3 visually compares the predicted depth map
from the proposed method with [27]. We show three typical examples: near dis-
tance, medium distance, and far distance. It shows that our proposed method

performs much better for predicting depth at details. For instance, our predicted
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Error Metrics, lower is better

Accuracy Metrics, higher is better

Method Supervised | Dataset| Cap
Abs Rel | SqRel | RMSE | RMSE log | 6<1.25 | §<1.25% | §<1.25°

Eigen [35] Yes K 80m | 0.203 | 1.548 | 6.307 0.282 0.702 0.890 0.958
Liu [37] Yes K 80m 0.202 1.614 | 6.523 0.275 0.678 0.895 0.965
All synthetic (baseline) No S 80m || 0.253 | 2.303 | 6.953 0.328 0.635 0.856 0.937
All real (baseline) No K 80m 0.158 1.151 | 5.285 0.238 0.811 0.934 0.970
GASDA [27] No K+S 80m || 0.149 | 1.003 | 4.995 0.227 0.824 0.941 0.973
SharinGAN (proposed) No K+S 80m | 0.116 | 0.939 | 5.068 0.203 0.850 0.948 0.978
Kuznietsov [63] Yes K 50m || 0.117 | 0.597 | 3.531 0.183 0.861 0.964 0.989
Garg [64] No K 50m | 0.169 | 1.080 | 5.104 0.273 0.740 0.904 0.962
Godard [48] No K 50m || 0.140 | 0.976 | 4.471 0.232 0.818 0.931 0.969
All synthetic (baseline) No S 50m | 0.244 | 1.771 | 5.354 0.313 0.647 0.866 0.943
All real (baseline) No K 50m 0.151 0.856 | 4.043 0.227 0.824 0.940 0.973
Kundu [25] No K+S 50m | 0.203 | 1.734 | 6.251 0.284 0.687 0.899 0.958
T2Net [26] No K+S  50m 0.168 1.199 | 4.674 0.243 0.772 0.912 0.966
GASDA [27] No K+S 50m || 0.143 | 0.756 | 3.846 0.217 0.836 0.946 0.976
SharinGAN (proposed) No K+S 50m || 0.109 | 0.673 | 3.77 0.190 0.864 0.954 0.981

Table 2.1: MDE Results on eigen test split of KITTI dataset [35] . For the training data,

K: KITTI dataset and S: vKITTI dataset. Methods highlighted in light gray, use domain

adaptation techniques and the non-highlighted rows correspond to supervised methods.

depth map can better preserve the shape of the car (Figure 2.3 (a) and (c)) and

the structure of the tree and the building behind it (Figure 2.3 (b)). This shows

the advantage of our proposed SharinGAN compared with [27]. [27] learns to

transfer real images to the synthetic domain and vice versa, which solves a much

harder problem compared with SharinGAN, which removes a minimum of do-

main specific information. As a result, the quality of the transformation for [27]

may not be as good as the proposed method. Moreover, the unsupervised trans-

formation cannot guarantee to keep the geometry information unchanged.
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GT Depth GASDA [27] SharinGAN (Ours)

(a) The second row shows the corresponding region in the red box of the first row. The

depth of the faraway car is better estimated by SharinGAN than GASDA.

(b) The second and third row shows the corresponding region in the green and red box
of the first row. The depth of the tree to the left (green) and shrubs behind the tree in the

right are better estimated by SharinGAN.

(c) The second and third row shows the corresponding regions in the green and red

boxes of the first row. The boundaries and the depth of the cars are better estimated
by SharinGAN.

Figure 2.3: Qualitative comparisons of SharinGAN with GASDA [27]. Ground truth (GT)
has been interpolated (and the unavailable top regions are masked out) for visualization
purposes. Note that in addition to various other aspects mentioned above, we are also

able to remove the boundary artifacts present in the depth maps of GASDA.
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(a) x, () %" = G(x,)  (¢) x, = x3"| (d) x () x" = Glxs)  (f) Ixs — x|

Figure 2.4: (a), (b) and (c) show real image x,, translated real image x3" and their differ-

ence |x, — x| respectively. (d), (e) and (f) show synthetic image x,, translated synthetic

image x" and their difference |x, — x5"| respectively.

To understand how our generative network G works, we show some exam-
ples of synthetic and real images, their transformed versions, and the difference
images in Figure 2.4. This shows that G mainly operates on edges. Since depth
maps are mostly discontinuous at edges, they provide important cues for the
geometry of the scene. On the other hand, due to the difference between the ge-
ometry and material of objects around the edges, the rendering algorithm may
find it hard to render realistic edges compared with other parts of the scene. As
a result, most of the domain specific information related to geometry lies in the

edges, on which SharinGAN correctly focuses.

2.3.1.4 Generalization to Make3D

To demonstrate the generalization ability of the proposed method, we test
our trained model on Make3D [31]. Note that we do not fine-tune our model
using the data from Make3D. Table 2.2 shows the quantitative results of our
method, which outperforms existing state-of-the-art methods by a large margin.

Moreover, the performance of SharinGAN is more comparable to the super-
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Error Metrics, lower is better
Method Trained

Abs Rel | Sq Rel RMSE
Karsh et al. [65] Yes 0.398 | 4.723 7.801
Laina et al. [66] Yes 0.198 | 1.665 5.461
Kundu et al. [25] Yes 0.452 5.71 9.559
Goddard et al. [67] No 0.505 | 10.172 10.936
Kundu et al. [25] No 0.647 | 12.341 11.567
Atapour et al. [28] No 0.423 | 9.343 9.002
T2Net [26] No 0.508 | 6.589 8.935
GASDA [27] No 0.403 | 6.709 10.424
SharinGAN (proposed) No 0.377 | 4.900 8.388

Table 2.2: MDE results on Make3D dataset [31]. Trained indicates whether the model is
trained on Make3D or not. Errors are computed for depths less than 70m in a central
image crop [67]. It can be concluded that our proposed method generalized better to an

unseen dataset.

vised methods. We further visually compare the proposed method with GASDA
[27] in Figure 2.5. It is clear that the proposed depth map captures more details

in the input images, reflecting more accurate depth prediction.
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(a) Input Image (b) Ground Truth (c) GASDA [27] (d) SharinGAN

Figure 2.5: Qualitative results on the test set of the Make3D dataset [31]. In the top row,
some far tree structures that are missing in the depth map predicted by GASDA were
better captured on using the SharinGAN module. For the bottom row, GASDA wrongly
predicts the depth map of the houses behind the trees to be far, which is correctly cap-

tured by the SharinGAN.

2.3.2 Face Normal Estimation

2.3.2.1 Datasets

We use the synthetic data provided by [22] and CelebA [68] as real data
to train the SharinGAN for face normal estimation similar to [22]. Our trained

model is then evaluated on the Photoface dataset [32].

2.3.2.2 Implementation details

We use the RBDN network [69] as our generator and SfSNet [22] as the

primary task network. Similar to before, we pre-train the Generator on both
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Algorithm MAE | <20° <25° | <30°

3DMM [52] 26.3° | 4.3% | 56.1% | 89.4%
Pix2Vertex [70] 33.9° | 24.8% | 36.1% | 47.6%
SfSNet [22] 25.5° | 43.6% | 57.7% | 68.7%

SharinGAN (proposed) | 24.0° | 47.88% | 61.53% | 72.1%

Table 2.3: Quantitative results for Face Normal estimation on the test split of Photoface
dataset [32]. All the listed methods are not fine-tuned on Photoface. The metrics MAE:
Mean Angular Error and < 20°,25°,30° refer to the normals prediction accuracy for dif-

ferent thresholds.

synthetic and real data using reconstruction loss and pre-train the primary task
network on just synthetic data in a supervised manner. Then, we train G and T
end-to-end using the overall loss (2.10) for 120,000 iterations. We use a batch
size of 16 and a learning rate of 1e — 4. The best model is selected based on the

validation set of Photoface [32].

2.3.2.3 Results

Table 2.3 shows the quantitative performance of the estimated surface nor-
mals by our method on the test split of the Photoface dataset. With the proposed
SharinGAN module, we were able to significantly improve over SfSNet on all the
metrics. In particular, we were able to significantly reduce the mean angular
error metric by roughly 1.5°.

Additionally, Figure 2.6 depicts the qualitative comparison of our method
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(a) Input Image (b) GT (c) SfSNet [22] (d) SharinGAN

Figure 2.6: Qualitative comparisons of our method with SfSNet on the examples from
the test set of Photoface dataset [32]. Our method generalizes much better to unseen

data during training.

with SfSNet on the test split of Photoface. Both SfSNet and our pipeline are
not finetuned on this dataset, and yet we were able to generalize better com-
pared to SfSNet. This demonstrates the generalization capacity of the proposed
SharinGAN to unseen data in training.
Finally, Figure 2.7 depicts the qualitative results of our method on the CelebA

[68] and Synthetic [22] datasets. The translated images corresponding to syn-
thetic and real images look similar in contrast to the MDE task (Figure 2.4). We
suppose that for the task of MDE, regions such as edges are domain specific,

and yet hold primary task related information such as depth cues, which is why
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Input, x,  x" = G(x,) Normal Albedo Shading Reconstruction

=} s dl
(a) Qualitative results of our method on CelebA testset [68].

= G(x,) Normal Albedo Shading Reconstruction
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(b) Qualitative results of our method on the synthetic data used in SfSNet [22].

Figure 2.7: Qualitative results of our method on face normal estimation task. The trans-
lated images x3",x3" look reasonably similar for our task which additionally predicts

albedo, lighting, shading and Reconstructed image along with the face normal.
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SharinGAN modifies such regions. However, for the task of FNE, we additionally
predict albedo, lighting, shading and a reconstructed image along with estimat-
ing normals. This means that the primary network needs a lot of shared infor-
mation across domains for good generalization to real data. Thus the SharinGAN
module seems to bring everything into a shared space, making the translated
images {x", 3} look visually similar.

Lighting Estimation The primary network estimates not only face normals
but also lighting. We also evaluate this. Following a similar evaluation protocol
as that of [22], Table 2.4 summarizes the light classification accuracy on the Mul-
tiPIE dataset [71]. Since we do not have the exact cropped dataset that [22] used,
we used our own cropping and resizing on the original MultiPIE data: centercrop
300x300 and resize to 128x128. For a fair comparison, we used the same dataset
to re-evaluate the lighting performance for [22] and reported the results in Table
2.4. Our method not only outperforms [22] on the face normal estimation, but

also on lighting estimation.

Algorithm || top-1% | top-2% | top-3%

SfSNet [22] 80.25 92.99 96.55

SharinGAN || 81.83 93.88 96.69

Table 2.4: Light classification accuracy on MultiPIE dataset [71]. Training with the pro-

posed SharinGAN also improves lighting estimation along with face normals.
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2.3.3 Ablation studies

We carried out our ablation study using the KITTI and Make3D datasets
on monocular depth estimation. We study the role of the SharinGAN module by
removing it and training a primary network on the original synthetic and real
data using (2.8). We observe that the performance drops significantly as shown
in Table 2.5 and Table 2.6. This shows the importance of the SharinGAN module
that helps train the primary task network efficiently.

To demonstrate the role of reconstruction loss, we remove it and train our
whole pipeline a;L,;, + azLy. We show the results on the testset of KITTI in
the second row of Table 2.5 and on the testset of Make3D in the second row of
Table 2.6. For both the testsets, we can see the performance drop compared to our
full model. Although the drop is smaller in the case of KITTI, it can be seen that
the drop is significant for Make3D dataset that is unseen during training. This
signifies the importance of reconstruction loss to generalize well to a domain not

seen during training.

Components Error Metrics, lower is better Accuracy Metrics, higher is better
SharinGAN | Reconstruction loss P Abs Rel | SqRel | RMSE | RMSE log | 6<1.25 | §<1.25% | <1.25%
X X 50m || 0.137 | 0.804 | 4.12 0.210 0.816 0.940 0.978
v X 50m || 0.1113 | 0.6705 | 3.80 0.192 0.861 0.954 0.980
v v 50m 0.109 0.673 3.77 0.190 0.864 0.954 0.981

Table 2.5: Ablation study for monocular depth estimation to understand the role of the
SharinGAN module and Reconstruction loss. We need both to get the best performance

for this task.
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Components Error Metrics, lower is better
Cap
SharinGAN | Reconstruction loss Abs Rel | Sq Rel RMSE
X X 70m 0.476 8.058 9.449
v X 70m 0.401 5.318 8.377
v v 70m 0.377 4.900 8.388

Table 2.6: Ablation study for monocular depth estimation to understand the role of the
SharinGAN module and Reconstruction loss on the Make3D test dataset. We need both

to get the best performance for this task.

2.4 Summary

Our primary motivation is to simplify the process of combining synthetic
and real images in training. Prior approaches often pick one domain and try
to map images into it from the other domain. Instead, we train a generator to
map all images into a new, shared domain. In doing this, we note that in the
new domain, the images need not be indistinguishable to the human eye, only
to the network that performs the primary task. The primary network will learn
to ignore extraneous, domain-specific information that is retained in the shared
domain.

To achieve this, we propose a simple network architecture that rests on our
new SharinGAN, which maps both real and synthetic images to a shared domain.
The resulting images retain domain-specific details that do not prevent the pri-

mary network from effectively combining training data from both domains. We
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demonstrate this by achieving significant improvements over state-of-the-art ap-
proaches in two important applications, surface normal estimation for faces, and
monocular depth estimation for outdoor scenes. Finally, our ablation studies
demonstrate the significance of the proposed SharinGAN in effectively combin-

ing synthetic and real data.
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Chapter 3: LDMs for Text-Based Image Segmentation

'Teaching neural networks to accurately find the boundaries of objects is
hard and annotation of boundaries at internet scale is impractical. Also, most
self-supervised or weakly supervised problems do not incentivize learning bound-
aries. For example, training on classification or captioning allows models to
learn the most discriminative parts of the image without focusing on bound-
aries [73,74]. Our insight is that Latent Diffusion Models (LDMs) [18], which can
be trained without object level supervision at internet scale, must attend to object
boundaries, and so we hypothesize that they can learn features which would be
useful for open world image segmentation. We support this hypothesis by show-
ing that LDMs can improve performance on this task by up to 6%, compared to
standard baselines and these gains are further amplified when LDM based seg-
mentation models are applied on Al generated images.

To test the aforementioned hypothesis about the presence of object-level se-
mantic information inside a pretrained LDM, we conduct a simple experiment.

We compute the pixel-wise norm between the unconditional and text-conditional

'"Work done with Bharat Singh, Pallabi Ghosh, Behjat Siddiquie, and David Jacobs. Accepted

[72] as ORAL in ICCV 2023.

33



A picture of an astronaut,
A picture of the Stonehenge

t=400
N v

Latent Diffusion

Model
-—

)
Latent Diffusion

Model

%—/

NULL

Figure 3.1: Coarse segmentation results from an LDM for two distinct images, demon-
strating the encoding of fine-grained object-level semantic information within the

model’s internal features.

noise estimates from a pretrained LDM as part of the reverse diffusion process.
This computation identifies the spatial locations that need to be modified for the
noised input to align better with the corresponding text condition. Hence, the
magnitude of the pixel-wise norm depicts regions that identify the text prompt.
As shown in the Figure 3.1, the pixel-wise norm represents a coarse segmenta-
tion of the subject although the LDM is not trained on this task. This clearly
demonstrates that these large scale LDMs can not only generate visually pleasing
images, but their internal representations encode fine-grained semantic informa-
tion, that can be useful for tasks like segmentation.

Recently, text-based image segmentation has gained traction for creating

and editing Al generated content (like Al art, illustrations, cartoons etc.) in im-
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age inpainting workflows 2

as it provides a conversational interface. Since the
latent space z [75], extracted by a VQGAN is trained on several domains like
art, cartoons, illustrations and real photographs, we posit that it is a more ro-
bust input representation for text-based segmentation on Al-generated images.
Furthermore, the internal layers of the LDM are responsible for generating the
structure of the image and hence contain rich semantic information about ob-
jects. Soft masks from these layers have also been used as a latent input in recent
work on image editing [76,77]. Since this information is already present while
generating the image, we propose an architecture in the form of LD-ZNet (shown
in Figure 3.3) to decode it for obtaining the semantic boundaries of objects gener-
ated in the scene. Not only does our architecture benefit segmentation of objects

in Al generated images, but it also improves performance over natural images.

Overall our contributions are as follows:

* We propose a text-based segmentation architecture, ZNet that operates on

the compressed latent space of the LDM (z).

* Next, we study the internal representations at different stages of pretrained

LDMs and show that they are useful for text-based image segmentation.

* Finally, we propose a novel approach named LD-ZNet to incorporate the
visual-linguistic latent diffusion features from a pretrained LDM and show
improvements across several metrics and domains for text-based image seg-

mentation.

2imaginAlry, stable-diffusion-webui
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3.1 Related work

3.1.1 Text-based image segmentation

Text-based image segmentation is the general task of segmenting specific
regions in an image, based on a text prompt. This is different from the referring
expression segmentation (RES) task, which aims to extract instance-level seg-
mentation of different objects through distinctive referring expressions. While
RES helps applications in robotics that require localization of a single object in
an image, text-based segmentation benefits image editing applications by being
able to also segment 1) “stuff” categories (clouds/ocean/beach ) and 2) multiple
instances of an object category applicable to the text prompt. However, both
these tasks have some shared literature in terms of approaches. Preliminary
works [78-82] focused on the multi-modal feature fusion between the language
and visual representations obtained from recurrent networks (such as LSTM)
and CNNs respectively. The subsequent set of works [83-86] included varia-
tions of multi-modal training, attention and cross-attention networks etc. Re-
cently, [85,87] used CLIP [88] to extract visual linguistic features of the image
and the reference text separately. These features were then combined using a
transformer based decoder to predict a binary mask. Alternately, [89,90], pro-
posed vision-language pretraining on other text-based visual recognition tasks
(object detection and phrase grounding) and later finetuned for the segmenta-

tion task. The concurrent works segment-anything (SAM) [91] and segment-
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everything-everywhere-all-at-once (SEEM) [92] allow interactive segmentation
via point clicks, bounding boxes and text inputs . demonstrating good zero-shot
performance. Different from all these works, we show the significance of us-
ing the latent space and the internal features from a pretrained latent diffusion

model [18] for improving the more generic text-based image segmentation task.

3.1.2 Text-to-Image synthesis

Text-to-Image synthesis has initially been explored using GANs [39,93-97]
on publicly available image captioning datasets. Another line of work is by us-
ing autoregressive models [98-100] via a two stage approach. The first stage is a
vector quantized autoencoder such as a VQVAE [101,102] or a VQGAN [75] with
an image reconstruction objective to convert an image into a shorter sequence
of discrete tokens. This low dimensional latent space enables the training of
compute intensive autoregressive models even for high resolution text-to-image
synthesis. With the recent advancements in Diffusion Models (DM) [16,17], both
in unconditional and class conditional settings, they have started gaining more
traction compared to GANs. Their success in the text-to-image tasks [103, 104]
made them even more popular. However, the prior diffusion models worked
in the high-dimensional image space that made training and inference compu-
tationally intensive. Subsequently, latent space representations [18, 105-107]
were proposed for high resolution text-to-image synthesis to reduce the heavy

compute demands. More specifically, the latent diffusion model (LDM) [18]
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mitigates this problem by relying on a perceptually compressed latent space
produced by a powerful autoencoder from the first stage. Moreover, they em-
ploy a convolutional backed UNet [108] as the denoising architecture, allowing
for different sized latent spaces as input. Recently this architecture is trained
on large scale text-image data [109] from the internet and released as Stable-
diffusion®, which exhibited photo-realistic image generations. Subsequently, sev-
eral language guided image editing applications such as inpainting [110-112],
text-guided image editing [77,113] became more popular and the usage for text-
based image segmentation has surged, especially for Al generated images. We
propose a solution for text-based image segmentation by leveraging the features

which are already present as part of the synthesis process.

3.1.3 Semantics in generative models

Semantics in generative models such as GANs have been studied for bi-
nary segmentation [114,115] as well as multi-class segmentation [3,4,116] where
the intermediate features have been shown to contain semantic information for
these tasks. Moreover, [117] highlighted the practical advantages of these rep-
resentations, such as out-of-distribution robustness. However, prior generative
models (GANSs ) as representation learners have received less attention compared
to alternative unsupervised methods [118], because of the training difficulties
on complex, diverse and large scale datasets. Diffusion models [16], on the other

hand are another class of powerful generative models that recently outperformed

Shttps://github.com/CompVis/stable-diffusion
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GANSs on image synthesis [17] and are able to train on large datasets such as Im-
agenet [119] or LAION [109]. In [5], the authors demonstrated that the internal
features of a pre-trained diffusion model were effective at the semantic segmenta-
tion task. However, this type of analysis [4,5] has mostly been done in limited set-
tings like few shot learning [120] or limited domains like faces [121], horses [122]
or cars [122]. Different from these works, we analyze the visual-linguistic seman-
tic information present in the internal features of a text-to-image LDM [18] for
text based image segmentation, which is an open world visual recognition task.
Furthermore, we leverage these LDM features and show performance improve-

ments when training with full datasets instead of few-shot settings.

3.2 LDMs for Text-Based Segmentation

The text-to-image latent diffusion architecture introduced in [18] consists
of two stages: 1) An auto-encoder based VQGAN [75] that extracts a compressed
latent representation (z) for a given image 2) A diffusion UNet that is trained to
denoise the noisy z created in the forward diffusion process, conditioned on the
text features. These text features are obtained from a pretrained frozen CLIP text
encoder [88] and is conditioned at multiple layers of the UNet via cross-attention.

In this paper, we show performance improvements on the text-based seg-
mentation task in two steps. Firstly, we analyze the compressed latent space (z)
from the first-stage and propose an approach named ZNet that uses z as the visual

input to estimate segmentation mask when conditioned on a text prompt. Sec-
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Figure 3.2: Reconstructions from the first stage of the LDM. Given an input image, the
latent representation z generated by the encoder, can be used to reconstruct images that
are perceptually indistinguishable from the inputs. The high quality of these reconstruc-
tions suggests that the latent representation z, preserves most of the semantic informa-

tion present in the input images.

ondly, we study the internal representations from the second stage of the stable-
diffusion LDM for visual-linguistic semantic information and propose a way to
utilize them inside ZNet for further improvements in the segmentation task. We

name this approach as LD-ZNet.

3.2.1 ZNet: Leveraging Latent Space Features

We observe that the latent space (z) from the first-stage of the LDM is a
compressed representation of the image that preserves semantic information, as
depicted in Figure 3.2. The VQGAN in the first-stage achieves such semantic-

preserving compression with the help of large scale training data as well as a
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Figure 3.3: Overview of the proposed ZNet and LD-ZNet architectures. We propose to

use the compressed latent representation z as input for our segmentation network ZNet.
Next, we propose LD-ZNet, which incorporates the latent diffusion features at various

intermediate blocks from the LDM’s denoising UNet, into ZNet.

combination of losses - perceptual loss [123], a patch-based [124] adversarial ob-
jective [75,125,126], and a KL-regularization loss.

In our experiments, we observe that this compressed latent representation
z is more robust compared to the original image in terms of their association
with the text prompts. We believe this is because z is a % X % x 4 dimensional
feature with 48 x fewer elements compared to the original image, while pre-
serving the semantic information. Several prior works [127-129], show that
compression techniques like PCA, which create information preserving lower di-
mensional representations generalize better. Therefore, we propose using the z

representation along with the frozen CLIP text features [88] as an input to our

segmentation network. Furthermore, because the VQGAN is trained across sev-
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eral domains like art, cartoons, illustrations, portraits, etc., it learns a robust and
compact representation which generalizes better across domains, as can be seen
in our experiments on Al generated images. We call this approach ZNet. The
architecture of ZNet is shown in the bottom box of Figure 3.3, and is the same as
the denoising UNet module of the LDM. We therefore initialize it with pretrained

weights of the second-stage of the LDM.

3.2.2 LD-ZNet: Leveraging Diffusion Features

Given a text prompt and a timestep ¢, the second-stage of the LDM is trained
to denoise z; - a noisy version of the latent representation z obtained via for-
ward diffusion process for t timesteps. A UNet architecture is used whose en-
coder/decoder elements are shown in Figure 3.3 (top right). A typical encoder/decoder
block contains a residual layer followed by a spatial-attention module that inter-
nally has self-attention and then cross-attention with the text features. We an-
alyze the semantic information in the internal visual-linguistic representations
developed at different blocks of encoder and decoder right after these spatial-
attention modules. We also propose a way to utilize these latent diffusion fea-
tures using cross-attention into the ZNet segmentation network and we call the

final model as LD-ZNet.
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Figure 3.4: Semantic information present in the LDM features at various blocks and
timesteps for the referring image segmentation task. AP is measured on a small valida-

tion subset of the PhraseCut dataset.

3.2.2.1 Visual-Linguistic Information in LDM Features

We evaluate the semantic information present in the pretrained LDM at
various blocks and timesteps for the text-based image segmentation task. In
this experiment, we consider the latent diffusion features right after the spatial-
attention layers 1-16 spanning across all the encoder and decoder blocks present
in the UNet. At each block, we analyze the features for every 100" timestep in
the range [100,1000]. We use a small subset of the training and validation sets
from the Phrasecut dataset and train a simple decoder on top of these features to
predict the associated binary mask. Specifically, given an image I and timestep
t, we first extract its latent representation z from the first stage of LDM and add

noise from the forward diffusion to obtain z; for a timestep f. Next we extract
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the frozen CLIP text features for the text prompt and input both of them into
the denoising UNet of the LDM to extract the internal visual-linguistic features
at all the blocks for that timestep. We use these representations to train the cor-
responding decoders until convergence. Finally, we evaluate the AP metric on a
small subset of the validation dataset. The performance of features from different
blocks and timesteps is shown in Figure 3.4.

Similar to [5], we observe that the middle blocks {6,7,8,9,10} of the UNet
contain more semantic information compared to either the early blocks of the
encoder or the later blocks of the decoder. We also observe that the timesteps 300-
500 contain the maximum visual-linguistic semantic information compared to
other timesteps, for these middle blocks. This is in contrast to the findings of [5]
that report the timesteps {50, 150, 250} to contain the most useful information
when evaluated on an unconditional DDPM model for the few shot semantic
segmentation task for horses [122] and faces [121]. We believe that the reason
for this difference is because, in our case, the image synthesis is guided by text,
leading to the emergence of semantic information earlier in the reverse diffusion

process (t=1000—0), in contrast to unconditional image synthesis.

3.2.2.2 LD-ZNet Architecture

We propose using the aforementioned visual-linguistic representations at
multiple spatial-attention modules of the pretrained LDM into the ZNet as shown

in Figure 3.3. These latent diffusion features are injected into the ZNet via a
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Figure 3.5: We propose to incorporate the visual-linguistic representations from LDM
obtained at the spatial-attention modules via a cross-attention mechanism into the cor-

responding spatial-attention modules of the ZNet through an attention pool layer.

cross-attention mechanism at the corresponding spatial-attention modules as shown
in Figure 3.5. This allows for an interaction between the visual-linguistic repre-
sentations from the ZNet and the LDM. Specifically, we pass the latent diffusion
features through an attention pool layer that not only acts as a learnable layer
to match the range of the features participating in the cross-attention, but also
adds a positional encoding to the pixels in the LDM representations. The out-
puts from the attention pool are now positional-encoded visual-linguistic repre-
sentations that enable the proposed cross-attention mechanism to attend to the

corresponding pixels from the ZNet features. ZNet when augmented with these
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latent diffusion features from the LDM (through cross-attention) is referred to as
LD-ZNet.

Following the semantic analysis of latent diffusion features (Sec. 3.2.2.1),
we incorporate the internal features from blocks {6,7,8,9,10} of the LDM into the
corresponding blocks of ZNet, in order to make use of the maximum semantic
and diverse visual-linguistic information from the LDM. For Al generated im-
ages, these blocks are anyways responsible to generate the final image and using
LD-ZNet, we are able to tap into this information which can be used for segment-

ing objects in the scene.

3.3 Experiments

Implementation details: In this paper, we use the stable-diffusion v1.4
checkpoint as our LDM that internally uses the frozen ViT-L/14 CLIP text en-
coder [88]. We implement the above described ZNet and LD-ZNet in pytorch in-
side the stable-diffusion library. We also initialize our networks with the weights
from the LDM wherever possible, while initializing the remaining parameters
from a normal distribution. We train ZNet and LD-ZNet on 8 NVIDIA A100
gpus with a batch size of 4 using the Adam optimizer and a base learning rate of
5¢~7 per mini-batch sample, per gpu. For all our experiments, we keep the text
encoder frozen and use an image resolution of 384 for a fair comparison with the
previous works.

Datasets: We use Phrasecut [130], which is currently the largest dataset for
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Figure 3.6: Samples from AIGI dataset along with annotated labels and categorical cap-

tions.

the text-based image segmentation task, with nearly 340K phrases along with cor-
responding segmentation masks that not only permit annotations for stuff classes
but also accommodate multiple instances. Following [88], we randomly augment
the phrases from a fixed set of prefixes. For the images, we randomly crop a
square around the object of interest with maximum area, ensuring that the object
remains at least partially visible. We avoid negative samples to remove ambiguity
in the LDM features for non-existent objects.

We create a dataset consisting of Al-generated images which we name AIGI
dataset, to showcase the usefulness of our approach for text-based segmentation

on a different domain. We use 100 Al-generated images from lexica.art and man-
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ually annotated multiple regions for 214 text-prompts relevant to these images.
Figure 3.6 depicts some of the images from the AIGI dataset along with their
annotated labels and categorical captions.

We also use the popular referring expression segmentation datasets namely
RefCOCO [131], RefCOCO+ [131] and G-Ref [132] to demonstrate the general-
ization abilities of ZNet and LD-ZNet. In RefCOCO, each image contains two or
more objects and each expression has an average length of 3.6 words. RefCOCO+
is derived from RefCOCO by excluding certain absolute-location words and fo-
cuses on purely appearance based descriptions. For example it uses “the man in
the yellow polka-dotted shirt” rather than “the second man from the left” which
makes it more challenging. Unlike RefCOCO and RefCOCO+, the average length
of sentences in G-Ref is 8.4 words, which have more words about locations and
appearances. While we adopt the UNC partition for RefCOCO and RefCOCO+
in this paper, we use the UMD partition for G-Ref.

Metrics: We follow the evaluation methodology of [87] and report best fore-
ground IoU (IoUgg) for the foreground pixels, the best mean IoU of all pixels

(mlIoU), and the Average Precision (AP).

3.4 Results

3.4.1 Image Segmentation Using Text Prompts

On the PhraseCut dataset, we compare the performance of previous ap-

proaches with our ZNet and LD-ZNet for the text-based image segmentation
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Method mloU | IoUgs | AP
MDETR [89] 53.7 - -
GLIPv2-T [90] 59.4 - -
RMI [130] 211 | 425 | -
Mask-RCNN Top [130] 39.4 | 474 -
HulaNet [130] 413 | 50.8 | -

CLIPSeg (PC+) [87] 43.4 | 54.7 |76.7

CLIPSeg (PC, D=128) [87] || 48.2 56.5 | 78.2

RGBNet 46.7 56.2 | 77.2

ZNet (Ours) 51.3 59.0 | 78.7

LD-ZNet (Ours) 52.7 | 60.0 | 78.9

the baseline RGBNet on all the metrics.
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Table 3.1: Text-based image segmentation performance on the PhraseCut testset. The

performance of ZNet and LD-ZNet is highlighted in gray. Both these models outperform

task (Table 3.1). In order to showcase the performance improvement of our pro-
posed networks, we create a baseline named RGBNet with the same architecture
as ZNet except we use the original images as the input instead of its latent space
z. For RGBNet, we use additional learnable convolutional layers to map the orig-
inal image to match the input resolution of ZNet. From Table 3.1, we observe
that our ZNet and LD-ZNet significantly outperform RGBNet. Specifically, the

performance improvement from using the latent representation z over the origi-




nal images is clear (i.e. ZNet vs RGBNet baseline). Performance further improves
upon incorporating the LDM visual-linguistic representations (LD-ZNet) - by 6%
overall on the mIoU metric compared to RGBNet. We also highlight this qualita-
tively in Figure 3.7. In the figure, we show the original image and the GT mask
along with outputs from the RGBNet baseline followed by ZNet and LD-ZNet,
where both ZNet and LD-ZNet help improve results consistently. For example in
the top row, RGBNet detects light fixtures for the “hanging clock” prompt, and
although ZNet does not have as strong activations for these incorrect detections,
it is LD-ZNet that correctly segments the “clock”. Similarly in the bottom row,
while RGBNet completely got the “castle” wrong, ZNet correctly has activations
on the right buildings, but with lower confidence. However, LD-ZNet improves
it further.

We outperform in all the metrics when compared to previous works, other
than MDETR [89] and GLIPv2 [90]. Notably, these works are pre-trained on de-
tection and phrase grounding for predicting bounding boxes on huge corpus of
text-image pairs across various publicly available datasets with bounding box an-
notations and are later fine-tuned on the Phrasecut dataset for the segmentation
task. However, our work is orthogonally focused towards exploring and utiliz-
ing LDMs and its internal features for improving the text-based segmentation
performance. Note that object detection datasets have a good overlap with the
visual content in PhraseCut, however, they are not representative of the diversity
in images available on the internet. For example, while they could learn common
concepts like sky, ocean, chair, table and their synonyms, methods like MDETR
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Input GT mask RGBNet ZNet LD-ZNet

Figure 3.7: Qualitative comparison on the PhraseCut test set. Each row contains an input
image with a text prompt as an input, with the goal being to segment the image regions
corresponding to the reference text. The text prompts are “hanging clock” and “castle” for
the top and bottom rows. We show improvements using ZNet and LD-ZNet compared

to the RGBNet.

would not understand concepts like Mikey Mouse, Pikachu etc., which we will

show in Section 3.5.

3.4.2 Generalization to AI Generated Images

With the growing popularity of Al generated images, text-based image seg-
mentation is extensively being used by content creators in their daily workflows.
Many public libraries * widely employ methods such as CLIPSeg [87] for per-
forming segmentation in Al-generated images. So we study the generalization

ability of our proposed segmentation approach on Al-generated images. To this

*imaginAlry, stable-diffusion-webui
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Method mloU | AP

MDETR [89] 53.4 | 63.8

CLIPSeg (PC+) [87] || 56.4 | 79.0

SEEM [92] 57.4 | 70.0
RGBNet 63.4 | 84.1
ZNet (Ours) 68.4 | 85.0

LD-ZNet (Ours) 74.1 | 89.6

Table 3.2: Generalization of the proposed LD-ZNet on our AIGI dataset when compared

with other state-of-the-art text-based segmentation methods.

extent, we first prepare a dataset of 100 Al-generated images from lexica.art and
manually annotate them using 214 text-prompts. We name this dataset AIGI
and release it on our project website > for future research. Next, we evaluate our
approaches ZNet and LD-ZNet along with our RGBNet baseline and other text-
based segmentation methods - CLIPSeg (PC+) [87], MDETR [89] and SEEM [92].
Glipv2 and the SAM model [91] with textual input were not publicly available
for us to evaluate at the time of this work. All these methods are trained on the
Phrasecut dataset except for SEEM and we measure the IoU metric as shown in
Table 3.2. It can be seen that RGBNet outperforms CLIPSeg, MDETR and SEEM
because its built on the UNet architecture initialized from the LDM weights that
contains semantic information for good generalization. Our methods ZNet and

LD-ZNet further improve the generalization to these Al-generated images by

>https://koutilya-pnvr.github.io/LD-ZNet/
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more than 20% compared to MDETR. This is largely due to the robust z-space of
the LDM that resulted from a VQGAN pre-training on a variety of domains like
art, cartoons, illustrations . Furthermore, the latent diffusion features that con-
tain useful semantic information for the synthesis task, also help in segmenting
the Al-generated images. We show the qualitative comparison of these methods
in Figure 3.8 for four Al-generated images from our dataset. While CLIPSeg can
estimate most distinctive regions such as face of the Mickey mouse or rough loca-
tions of Goblin, Ramen and animals, MDETR and SEEM incorrectly segment them
because these concepts are unknown to them and because of the domain gap be-
tween their training data and AIGI images respectively. In both such cases, our
proposed LD-ZNet estimates accurate segmentation. More qualitative results for

LD-ZNet on images from the AIGI dataset are shown in Figs. 3.9 and 3.10.
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Figure 3.8: Qualitative comparison on the Al-generated images for text-based segmenta-

tion. The text prompts are “Mickey mouse”, “Goblin”, “Ramen” and “animals” respectively.
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Input MDETR [89]  CLIPSeg[87]  SEEM [92] LD-ZNet

Figure 3.9: More qualitative comparison on the Al-generated images from AIGI dataset

for text-based segmentation. The text prompts are “Spiderman”, “tortoise”, “vespa” and

“robot” respectively.
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“Hoodie” “Owl” “Pikachu” “Godzilla”

)

“Spiderman’

Figure 3.10: More qualitative results of LD-ZNet from AIGI dataset.

3.4.3 Generalization to Referring Expressions

The reference expression segmentation task is aimed at robot-localization
types of applications, where segmenting at the instance-level is performed through
distinctive referring expressions. Many works such as [85, 86] also train the text
encoder to learn the complex positional references in the text. However, we
are focused on generic text-based segmentation that has support for stuff cate-

gories as well as for multiple instances. We study the generalization ability of the
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RefCOCO [ RefCOCO+ G-Ref

Method
IoU | AP | IoU | AP | IoU | AP

CLIPSeg (PC+) [87] || 30.1 | 14.1 | 30.3 | 15.5 | 33.8 | 23.7

RGBNet 36.3 | 15.7 | 37.1 | 16.7 | 41.9 | 27.8
ZNet (Ours) 40.1 | 16.8 | 40.9 | 17.8 | 47.1 | 29.2

LD-ZNet (Ours) 41.0 | 17.2 | 42.5 | 18.6 | 47.8 | 30.8

Table 3.3: Generalization of our proposed approaches to different types of expressions
from other datasets. Z-Net and LD-ZNet outperform both the RGBNet baseline and

CLIPSeg on the generalization across all datasets.

proposed approach - using LDM features, to this complex task. Specifically, we
use the models trained on the PhraseCut dataset and evaluate them on the Ref-
COCO [131], RefCOCO+ [131] and G-Ref [132] datasets whose complex referring
expressions are for single-instance localization and segmentation. We also eval-
uated the generalization of the CLIPSeg (PC+) [87] model that was trained on
an extended version of the PhraseCut dataset (PC+), to further demonstrate the
generalization capability of our methods. Table 3.3 summarizes the performance
of our models along with the RGBNet baseline. We observe a similar trend in
performance improvements across RGBNet < ZNet < LD-ZNet. These experi-
ments demonstrate that the LDM features enhance the generalization power of

the LD-ZNet model even on complex referring expressions.
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3.4.4 Inference Time

During inference, our proposed LD-ZNet relies on the LDM to extract the
internal features for just a single time step (as opposed to around 50 reverse dif-
fusion time steps for the text-to-image synthesis task). We then use these LDM
features for further cross-attention into LD-ZNet via the attention pool layer to
extract the final mask. Therefore, using the diffusion model increases the over-
all run time by only a small amount. For the stable-diffusion model, inference
takes 2.57s for 50 timesteps to synthesize an image (roughly 51ms per timestep),
whereas the average inference times for RGBNet, ZNet and LD-ZNet are only
62ms, 55ms and 101ms, respectively, per image on the AIGI dataset with an RTX
A6000 gpu. SEEM [92] takes 293ms for the same task. Since we use an archi-
tecture similar to UNet (from the second stage of the LDM), as our segmentation

network, the proposed LD-ZNet has 925M trainable parameters.

3.4.5 Cross-attention vs Concat for LDM features

In LD-ZNet, we inject LDM features into the ZNet model using cross-attention
(Figure 3.5). In order to understand the importance of the cross-attention layer,
we also train and evaluate another model where the LDM features are concate-
nated with the features of the ZNet right before the spatial-attention layer. The
results are summarized in Table 3.4 and it shows that concatenating the LDM
features yields inferior results compared to the proposed method. This is be-

cause of the attention pool layer which serves as a learnable layer and also encodes
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Diffusion features via mloU | IoUgs | AP

LD-ZNet with concatenation 50.2 59.0 | 78.1

LD-ZNet with cross-attention || 52.7 60.0 | 78.9

Table 3.4: Incorporating LDM features into ZNet via cross-attention (LD-ZNet) leverages
the visual-linguistic information present in them, compared to concatenation, leading to

better performance on the text-based image segmentation task.

positional information into the LDM features for setting up the cross-attention.
Moreover, the cross-attention layer learns how feature pixels from the ZNet at-
tend to feature pixels from the LDM, thereby leveraging context and correlations
from the entire image. With concatenation however, we only fuse the correspond-

ing features of LDM and ZNet which is sub-optimal.

3.5 Discussion

In this section we present more qualitative results to demonstrate several
interesting aspects of our proposed technique when applied towards downstream
segmentation tasks. In Figs. 3.8 to 3.12, we visualize results of text-based im-
age segmentation on a diverse set of images, which include AI generated im-
ages, illustrations and generic photographs. In Figure 3.11, we show that when
LD-ZNet is applied on the same image with various text prompts, it is able to
correctly segment the object and stuff classes being referred to in both exam-

ples. This capability is crucial for open-world segmentation and overall under-
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standing of the scene. The results also highlights that the algorithm works re-
markably well on other domains like cartoons/illustrations. It is noteworthy that
LD-ZNet can perform accurate segmentation for text prompts which include car-
toons (Pikachu, Godzilla), celebrities (Donald Trump, Spiderman), famous land-
marks (Eiffel Tower), as seen in Figure 3.10. Finally, Figure 3.12 shows the advan-
tages of leveraging semantic information present in the latent diffusion features.
Compared to our baseline RGBNet, the proposed LD-ZNet generates better seg-

mentation maps across animations, celebrity images and illustrations.

3.6 Summary

In this chapter, we presented a novel approach for text-based image seg-
mentation using large scale latent diffusion models. By training the segmenta-
tion models on the latent z-space, we were able to improve the generalization of
segmentation models to new domains, like Al generated images. We also showed
that this z-space is a better representation for text-to-image tasks in natural im-
ages. By utilizing the internal features of the LDM at appropriate time-steps,
we were able to tap into the semantic information hidden inside the image syn-
thesis pipeline using a cross-attention mechanism, which further improved the
segmentation performance both on natural and AI generated images. This was
experimentally validated on several publicly available datasets and on a new

dataset of Al generated images, which we will make publicly available.
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“Flowers” “Table”

“Books” “Sofa” “Trees”

“Clouds” “Mountains”

“Chair” “Grass” “River”

“Bicycle”

“Buildings” “Crosswalk” “Bridge”

Figure 3.11: LD-ZNet text-based image segmentation results for a real image and il-
lustrations on diverse set of things and stuff classes. High quality segmentation across

multiple classes suggests that LD-ZNet has a good understanding of the overall scene.
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Figure 3.12: More qualitative examples where RGBNet fails to localize “Guitar”, “Panda”
from animation images (top row), famous celebrities “Scarlett Johansson”, “Kate Middle-
ton” (second row) and objects such as “Lamp”, “Trees” from illustrations (bottom row).
LD-ZNet benefits from using z combined with the internal LDM features to correctly

segment these text prompts. 62



Chapter 4: Conclusions and Future Work

4.1 Concluding Remarks

In this dissertation, we presented novel ways to utilize two popular deep
generative models namely GANs and Diffusion models to improve crucial tasks
in computer vision - 1) Geometry Estimation and 2) Text-Based Image Segmen-

tation, respectively.

1. GANs for Unsupervised Geometry Estimation. In Chapter 2, we proposed
a generative-based SharinGAN module for unsupervised domain adapta-
tion (UDA) to combine labeled synthetic and unlabeled real images during
training. The SharinGAN translates just the domain-specific task-related
information from both domains into a shared space that is input to the pri-
mary task network. The information unrelated to the task is untouched
by SharinGAN during this translation for both domains. With this formu-
lation, we show a much improved generalization of the primary task net-
work on various estimation tasks - Monocular Depth Estimation of outdoor
scenes, Face Normal Estimation, and Lighting Estimation, all in an unsu-

pervised setting.
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2. LDMs for Text-Based Image Segmentation. In Chapter 3, we proposed to
use large-scale latent diffusion models (LDM) pretrained on the internet
to improve text-based segmentation performance for several novel classes
from the internet and on a variety of imagery - Real, Al-generated, illustra-
tions, animations etc. The understanding of internet-scale concepts along
with the ability to synthesize various photorealistic objects from text, makes
the LDM an intuitive candidate to improve text-based recognition perfor-
mance. Our proposed segmentation pipeline LD-ZNet benefits from the
z-space as well as the internal representations within LDM that is shown
to contain semantic information. We showed improved segmentation per-
formance for LD-ZNet on not just real images but also on AI-Generated

images, animations, illustrations and celebrity images etc.

4.2 Future Work

As we move towards an era of large-scale datasets with higher compute,
the generative models trained with them can only get more powerful. It thus
becomes crucial to understand how to utilize these generative models to improve
general computer vision systems.

In Chapter 2, we tackled the UDA problem by translating the labeled syn-
thetic and unlabeled real images into a shared space via a GAN model. Alter-
nately, going forward, we can rely on much more powerful generative models to

render more photorealistic images along with their labels, reducing the gap to the
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real domain. The internal representations of the generative models could contain
powerful semantic information to support such paired synthesis of images and
corresponding labels such as depth, normals, segmentation maps etc.

In Chapter 3, we relied on the semantic knowledge of objects from the in-
ternet present inside a pretrained LDM, to improve the text-based segmentation
across novel concepts such as Mickey Mouse, Spiderman etc., without requir-
ing any sort of annotations for these concepts. This opens a new way to by-
pass the limitations in existing datasets that often have a fixed number of object
categories. For example, we can rely on a pretrained LDM that can synthesize
photorealistic MRI images from text, to improve segmentation performance of
different lesions. Moreover the lateset advances in generative works on novel-
view synthesis [133], text-to-video [134-139] and text-to-3D [140, 141] are based
on the pretrained diffusion models which suggest they contain more knowledge
that can potentially improve several downstream applications.

Also in Chapter 3, we described the recent traction of AI-Generated im-
ages due to the growing popularity and availability of more powerful genera-
tive models. Several editing workflows such as inpainting are applied on the
Al-Generated images and thus it becomes necessary to develop computer vision
systems that generalize well to the AI-Generated content. We released a dataset
named AIGI that contains 100 AI-Generated images along with object labels and
categorical captions, to help evaluate the generalization capabilities of existing
text-based image segmentation methods. Going forward, such Al-datasets are

necessary for various tasks such as object detection, geometry estimation etc.
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Appendix A: Bidirectional Convolutional LSTM for the Detection

of Violence in Videos

'In recent years, the problem of human action recognition from video has
gained momentum in the field of computer vision [143-145]. Despite its useful-
ness, the specific task of violence detection has been comparatively less studied.
However, violence detection has huge applicability in public security and surveil-
lance markets. Surveillance cameras are deployed in large numbers, particularly
in schools, prisons etc. Problems such as lack of personnel and slow response
arise, leading to a strong demand for automated violence detection systems. Ad-
ditionally, with the surge in easy-to-access data uploaded to social media sites
and across the web, it is imperative to develop automated methods to childproof
the internet. Hence, in recent years, focus has been directed towards solving this

problem [146-150].

'"Work done with Alex Hanson, Sanjukta Krishnagopal, and Larry Davis. Accepted [142] in
ECCV 2018 Workshops. This is placed in the appendix because it is an early thesis work that does

not directly connect to the main content of this dissertation.

66



A.1 Contributions and Proposed Approach

In this work, we propose a Bidirectional Convolutional LSTM (BiConvL-
STM) [151-153] architecture, called the Spatiotemporal Encoder, to detect vio-
lence in videos. Our architecture builds on existing ConvLTSM architectures in
which we include a bidirectional temporal encoding and elementwise max pool-
ing, novel in the field of violence detection. We encode each video frame as a
collection of feature maps via a forward pass through a VGG13 network [154].
We then pass these feature maps to a BiConvLSTM to further encode them along
the video’s temporal direction, performing both a pass forward in time and in re-
verse. Next, we perform an elementwise maximization on each of these encodings
to create a representation of the entire video. Finally, we pass this representation
to a classifier to identify whether the video contains violence. This extends the ar-
chitecture of [146], which uses a Convolutional LSTM (ConvLSTM) by encoding
temporal information in both directions. We speculate that access to both future
and past inputs from a current state allows the BiConvLSTM to understand the
context of the current input, allowing for better classification on heterogeneous
and complex datasets. We validate the effectiveness of our networks by running
experiments on three standard benchmark datasets commonly used for violence
detection, namely, the Hockey Fights dataset (HF), the Movies dataset (M), and
the Violent Flows dataset (VF). We find that our architecture matches state-of-
the-art on the Hockey Fights [155] and Movies [155] datasets and performs com-

parably with other methods on the Violent Flows [156] dataset. Surprisingly, a
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simplified version of our architecture, called the Spatial Encoder, also matches
state-of-the-art on Hockey Fights and Movies, leading us to speculate that these
datasets may be comparatively smaller and/or simpler for the task of violence
detection.

This paper is outlined as follows. Section 2 provides more detail about the
model architectures we propose. Section 3 describes the datasets used in this
work. Section 4 summarizes the training methodology. And section 5 presents

our experimental results and ablation studies.

A.2 Related Work

Early work in the field includes [157], where violent scenes in videos were
recognized by using flame and blood detection and capturing the degree of mo-
tion, as well as the characteristic sounds of violent events. Significant work has
been done on harnessing both audio and video features of a video in order to
detect and localize violence [158]. For instance, in [159], a weakly supervised
method is used to combine auditory and visual classifiers in a co-training way.
While incorporating audio in the analysis may often be more effective, audio is
not often available in public surveillance videos. We address this problem by
developing an architecture for violence detection that does not require audio fea-
tures.

Additionally, violence is a rather broad category, encompassing not only

person-person violence, but also crowd violence, sports violence, fire, gunshots,
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physical violence etc. In [160], crowd violence is detected using Latent Dirich-
let Allocation (LDA) and Support Vector Machines (SVMs). Violence detection
through specific violence-related object detection such as guns is also a current
topic of research [161].

Several existing techniques use inter-frame changes for violence detection,
in order to capture fast motion changing patterns that are typical of violent ac-
tivity. [162] proposed the use of acceleration estimates computed from the power
spectrum of adjacent frames as an indicator of fast motion between successive
frames. [146] proposed a deep neural network for violence detection by feeding
in frame differences. [163] proposed using blob features, obtained by subtracting
adjacent frames, as the feature descriptor.

Other methods follow techniques such as motion tracking and position of
limbs etc. to identify spatiotemporal interest points and extract features from
these points. These include Harris corner detector [164], Motion Scale-Invariant
Feature Transform (MoSIFT) [165]. MoSIFT descriptors are obtained from salient
points in two parts: the first is an aggregated Histogram of Gradients (HoG)
which describe the spatial appearance. The second part is an aggregated His-
togram of optical Flow (HoF) which indicates the movement of the feature point.
[147] used a modified version of motion-Weber local descriptor (MoIWLD), fol-
lowed by sparse representation as the feature descriptor.

Additional work has used the Long Short-Term Memory (LSTM) [166] deep
learning architecture to capture spatiotemporal features. [148] used LSTMs for

feature aggregation for violence detection. The method consisted of extracting
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features from raw pixels using a CNN, optical flow images and acceleration flow
maps followed by LSTM based encoding and a late fusion. Recently, [167] re-
placed the fully-connected gate layers of the LSTM with convolutional layers
and used this improved model (named ConvLSTM) for predicting precipitation
nowecasting from radar images with improved performance. This ConvLSTM ar-
chitecture was also successfully used for anomaly prediction [168] and weakly-
supervised semantic segmentation in videos [169].

Bidirectional RNNs are first introduced in [170]. Later, [171] proposed us-
ing the same for speech recognition task and was shown to perform better than
an unidirectional RNN. Recently, bidirectional LSTMs were used in predicting
network-wide traffic speed [172], framewise phoneme classification [173] etc.
showing they are better in terms of prediction than unidirectional LSTMs. The
same concept has been leveraged for tasks involving videos such as video-super
resolution [174], object segmentation in a video [175] and learning spatiotempo-
ral features for gesture recognition [147] and fine-grained action detection [153].
While several of these incorporate a convolutional module coupled with an RNN
module, our architecture extends this by the inclusion of temporal encoding in
both forward and backward temporal directions, through the use of a BiConvL-
STM and elementwise max pooling. We speculate that the access of future in-
formation from the current state is particularly beneficial in more heterogenous

datasets.
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A.3 Model Architecture

To appropriately classify violence in videos we sought to generate a robust
video encoding to pass through a fully connected classifier network. We pro-
duce this video representation through a spatiotemporal encoder. This extracts
features from a video that correspond to both spatial and temporal details via a
Spatiotemporal Encoder (Sec. A.3.1). The temporal encoding is done in both tem-
poral directions, allowing access to future information from the current state. We
also study a simplified version of the spatiotemporal encoder that encodes only
spatial features via a simplified Spatial Encoder (Sec. A.3.2). The architectures

for both encoders are described below.

A.3.1 Spatiotemporal Encoder Architecture

The Spatiotemporal Encoder architecture is shown in Fig. A.1. It consists
of a spatial encoder that extracts spatial features for each frame in the video fol-
lowed by a temporal encoder that allows these spatial feature maps to ‘mix’ tem-
porally to produce a spatiotemporal encoding at each time step. All of these
encodings are then aggregated into a single video representation via an elemen-
twise max pooling operation. This final video representation is vectorized and

passed to a fully connected classifier.
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Figure A.1: The Spatiotemporal Encoder is comprised of three parts: a VGG13 network
spatial encoder, a Bidirectional Convolution LSTM (BiConvLSTM), temporal encoder,
and a classifier. Frames are resized to 224 x 224 and the difference between adjacent
frames is used as input to the network. The VGG classifier and last max pooling layer
is removed from VGG13 network (Blue and Red). The frame feature maps (Orange), are
size 14 x 14 x 512. The frame features are passed to the BiConvLSTM (Green) which out-
puts the frame spatiotemporal encodings (Cyan). An elementwise max pooling operation
is performed on the spatiotemporal encoding to produce the final video representation
(Gold). This video representation is then classified as violent or nonviolent via a fully

connected classifier (Purple).

A.3.1.1 Spatial Encoding

In this work, a VGG13 [154] convolutional neural network (CNN) model is
used as the spatial encoder. The last max pool layer and all fully connected layers
of the VGG13 net are removed, resulting in spatial feature maps for each frame of
size 14 x 14 x512. Instead of passing video frames directly, adjacent frames were

subtracted and used as input to the spatial encoder. This acts as pseudo-optical
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flow model and follows [146,176].

A.3.1.2 Temporal Encoding

A Bidirectional Convolutional LSTM (BiConvLSTM) is used as the temporal
encoder, the input to which are the feature maps from the spatial encoder. We
constructed the BiConvLSTM in such a way that the output from each cell is also
14 x 14 x512. The elementwise maximum operation is applied to these outputs
as depicted in Fig. A.1, thus resulting in a final video representation of size
14x14x512.

A BiConvLSTM cell is essentially a ConvLSTM cell with two cell states.
We present the functionality of ConvLSTM and BiConvLSTM in the following
subsections.

ConvLSTM: A ConvLSTM layer learns global, long-term spatiotemporal
features of a video without shrinking the spatial size of the intermediate repre-
sentations. This encoding takes place during the recurrent process of the LSTM.
In a standard LSTM network the input is vectorized and encoded through fully
connected layers, the output of which is a learned temporal representation. As
a result of these fully connected layers, spatial information is lost. Hence, if one
desires to retain that spatial information, the use of a convolutional operation
instead of fully connected operation may be desired. The ConvLSTM does just
that. It replaces the fully connected layers in the LSTM with convolutional layers.

The ConvLSTM is utilized in our work such that the convolution and recurrence
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operations in the input-to-state and state-to-state transitions can make full use of
the spatiotemporal correlation information. The formulation of the ConvLSTM
cell is shown below:

iy =0 (Wy+ Xy + Wi+ Hy 1 +b;)
fr = 0(Wyp* Xy + Wyp = H_y +by)
0 = 0(Wyo* Xy + Whyo+ Hy 1 + by)
Ci=fi0C_1+iyOtanh(Wy.* Xy + Wy xHy 1 + b,)
H; = 0, 0 tanh(C;)

Where “*” denote the convolution operator, “o” denote the Hadamard prod-
uct, “0” is the sigmoid function and W,,,W,, are 2D Convolution kernels that cor-
responding to the input and hidden state respectively. The hidden (Hy, Hy,..H;_1)
and the cell states (Cy,C,,..C;) are updated based on the input (X;, X5,..X;) that
pass through i;, f; and o, gate activations during each time sequence step. b;, by,

b, and b, are the corresponding bias terms.

BiConvLSTM: The BiConvLSTM is an enhancement to ConvLSTM in which
two sets of hidden and cell states are maintained for each LSTM cell: one for a
forward sequence and the other for a backward sequence in time. BiConvLSTM
can thereby access long-range context in both directions of the time sequence of
the input and thus potentially gain a better understanding of the entire video.
Fig. A.2 illustrates the functionality of a BiConvLSTM Cell. It is comprised of
a ConvLSTM cell with two sets of hidden and cell states. The first set (hs,cy)
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is for forward pass and the second set (hy,cp) is for backward pass. For each
time sequence, the corresponding hidden states from the two sets are stacked
and passed through a Convolution layer to get a final hidden representation for
that time step. That hidden representation is then passed to the next layer in the

BiConvLSTM module as input.

hy hy hy
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hb<‘
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hy by
“.“:— “\,. see O “~_‘
ST LsTMCal i T isMcen } ST LSTMCell i
Input 1 Input 2 Input t
Forward Backward Output
Input State Hidden State Hidden State Hidden State

Figure A.2: Overview of a BiConvLSTM Cell. The hidden and cell states are passed to
the next LSTM cell in the direction of flow. Red dashed lines correspond to the first input

in the time step for both the forward and backward hidden states.

A.3.1.3 Classifier

The number of nodes in each layer in the fully connected classifier, ordered
sequentially, are 1000, 256, 10, and 2. Each layer utilizes the hyperbolic tangent
non-linearity. The output of the last layer is a binary predictor into classes violent
and non-violent .
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Figure A.3: The Spatial Encoder is comprised of two parts: a VGG13 network spatial
encoder and a classifier. Frames are resized to 224 x 224 before provided as input to
the network. The VGG classifier and last max pooling layer are removed from VGG13
network (Blue and Red). The frame feature maps (Orange), are size 14x14x512. An ele-
mentwise max pooling operation is performed on the frame feature maps to produce the
final video representation (Gold). This video representation is then classified as violent

or nonviolent via a fully connected classifier (Purple).

A.3.2 Spatial Encoder Architecture

Spatial Encoder is a simplified version of the Spatiotemporal Encoder ar-
chitecture (Sec A.3.1) and is shown in Fig. A.3. The temporal encoder is removed
and elementwise max pooling is applied directly to the spatial features. Addi-
tionally, since we are interested in purely the spatial features in this architecture,
adjacent frame differences are not used as input and frames are passed directly

to the spatial encoder.
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A.4 Data

Details about the three standard datasets widely used in this work are pro-
vided below. For all datasets, we downsampled each video to 20 evenly spaced
frames as input to the network.

Hockey Fights dataset (HF) was created by collecting videos of ice hockey
matches and contains 500 fighting and non-fighting videos. Almost all the videos
in the dataset have a similar background and subjects (humans).

Movies dataset (M) consists of fight sequences collected from movies. The
non-fight sequences are collected from publicly available action recognition datasets.
The dataset is made up of 100 fight and 100 non-fight videos. As opposed to the
hockey fights dataset, the videos of the movies dataset are substantially different
in their content.

Violent Flows dataset (VF) is a database of real-world, video footage of
crowd violence, along with standard benchmark protocols designed to test both
violent/non-violent classification and violence outbreak detection. The data set
contains 246 videos. All the videos were downloaded from YouTube. The shortest
clip duration is 1.04 seconds, the longest clip is 6.52 seconds, and the average

length of a video clip is 3.60 seconds.
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A.5 Training Methodology

For the spatial encoder, the weights were initialized as the pretrained Ima-
geNet [177] weights for VGG13. For the Spatiotemporal Encoder, the weights of
the BiConvLSTM cell and classifier were randomly initialized. Frame differences
were taken for the Spatiotemporal Encoder architecture and frames were nor-
malized to be in the range of 0 to 1. For both architectures, the learning rate was
chosen to be 107°. A batch size of 8 video clips were used as input and the weight
decay was set to 0.1. ADAM optimizer with default beta range (0.5,0.99) was
used. Frames were selected at regular intervals and resized to 224 x 224. Addi-
tionally, random cropping (RC) and random horizontal flipping (RHF) data aug-
mentations were used for the Hockey Fights and Movies clips, where as only RHF
was applied to Violent Flows clips. Cross entropy loss was used during training.

Furthermore, 5-fold cross validation was used to calculate performance.

A.6 Results

The following subsections (A.6.1 and A.6.2) discuss the results and the cor-

responding model that obtained best performance for all three datasets.

A.6.1 Hockey Fights and Movies

The best performance for the Hockey Fights and Movies datasets was ob-

served with the simpler Spatial Encoder Architecture depicted in Fig. A.3 and
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described in Section A.3.2. We obtained an accuracy of 96.96+1.08% on the
Hockey Fights dataset and an accuracy of 100+0% on the Movies dataset, both of
which match state-of-the-art. A comparison of our results with other recent work
is given in Table A.1. While our model performance was saturated at 100 + 0%
for the Movies dataset, it outperformed previous methods with comparable ac-
curacy measures (Table A.1 rows 1-11) by a statistically significant margin and
hence, we believe, is a significant improvement.

These results, in contrast to most prior work, were attained without the
use of a temporal encoding of the features. While the Spatiotemporal Encoder
performed comparably to the Spatial Encoder, we observe that the additional
level of complexity involved in utilizing the temporal features wasn’t justified
for datasets like Movies and Hockey Fight that are relatively more homogeneous
than the Violent Flows dataset. We speculate that for certain domains, robust

spatial information may be sufficient for violence classification.

A.6.2 Violent Flows

The best performance on the Violent Flows dataset was observed using the
Spatiotemporal Encoder architecture shown in Fig. A.1 and described in Section
A.3.1. Our accuracy on the Violent Flows dataset was 92.18+3.29%. While not
state-of-the-art, this accuracy is comparable to existing recent methods as shown
in Table A.1. We noticed batch normalization caused a decrease in performance

on the Violent Flows dataset. Hence, all reported accuracies for the Violent Flows
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dataset were obtained without applying batch normalization in the networks.

A.6.3 Accuracy Evaluation

Due to the small size of the datasets, we chose to employ 5-fold cross vali-
dation to evaluate model accuracies. We split each dataset into 5 equal sized and
randomly partitioned folds. One fold is reserved for testing and the other four
are used for training. The model is trained from scratch once for each test fold
and hence five test accuracies are obtained per epoch of training. We calculate
the mean per epoch of these accuracies and locate the epoch with maximal ac-
curacy value. We then calculate the mean and standard deviation of all 100 test
accuracies that lie within a 10 epoch radius of this maximal accuracy. We report
this as our overall model accuracy and standard deviation.

This contrasts the accuracy evaluation used in [146], where for each fold
the maximum value over all epochs is obtained, and the mean of these values is
reported [181]. For completeness, we report our accuracies using this evaluation
method in Table A.1 using a .

As shown in Fig. A.4, the mean test accuracy for the Hockey Fights dataset
peaks at 97.3% for epoch 63. We take the mean and standard deviation of test
accuracies from epoch 53 to epoch 73 and obtain an overall accuracy of 96.96 +
1.08%.

Fig. A.5 shows the mean test accuracy of the Violent Flows dataset to be

94.69 at epoch 710. The mean and standard deviation of test accuracies between
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Table A.1:

Performance comparison of different methods for Hockey Fights, Movies,

and Violent Flows datasets. In the Hockey and Movies datasets our proposed methods

match the state-of-the-art performance. In the case of the Violent Flows dataset, our

method is comparable to existing methods. The best performance for each dataset and

our proposed methods are highlighted in bold. Two methods for calculating accuracies

are used here. Accuracy calculation of rows 1 — 11 are outlined in Sec. A.6.3.

*For the purpose of fair comparison with [146], we also present performance measured through

the accuracy calculation of [146]. For more details refer to Sec. A.6.3

Method

Hockey

Movies

Violent Flows

MoSIFT+HIK [155]
ViF [156]

MoSIFT+KDE+Sparse Coding [178]

90.9%

82.9+£0.14%

94.3+1.68%

89.5%

81.3+0.21%

89.05+3.26%

Deniz et al. [179] 90.1+0% 98.0+£0.22% -
Gracia et al. [163] 82.4+0.4% 97.8+0.4% -
Substantial Derivative [180] - 96.89+0.21% | 85.43+0.21%
Bilinski et al. [149] 93.4% 99% 96.4%
MoIWLD [147] 96.8+1.04% - 93.19+0.12%
ViF+OViF [150] 87.5£1.7% - 88+2.45%
Three streams + LSTM [148] 93.9 - -
Proposed: Spatiotemporal Encoder | 96.54+1.01% 100+0% 92.18+3.29%
Proposed: Spatial Encoder 96.96+1.08% 100+0% 90.63+2.82%
Swathikiran et al. [146] 97.1+£0.55%* 100+0%* 94.57+2.34%*
Proposed: Spatiotemporal Encoder | 97.9+0.37%* 100+0%* 96.32+1.52%*
Proposed: Spatial Encoder 98.1+0.58%* 100+£0%* 93.87+2.58%*
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Figure A.4: Mean fold accuracy on Hockey evaluated using the Spatial Encoder architec-

ture.

epoch 700 and 720 produces an overall accuracy of 92.18 + 3.29%.
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Figure A.5: Mean fold accuracy on Violent Flows evaluated using the Spatiotemporal

Encoder architecture.

The Movies dataset converged to 100.0% after 3 epochs. Hence we report

an overall accuracy of 100.0% for this dataset.

A.6.4 Ablation Studies

We conducted several ablation studies to determine how the boost in perfor-
mance can be attributed to the key components in our Spatiotemporal Encoder
Architecture. In particular, we examine the effects of using a VGG13 network
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pretrained on ImageNet to encode spatial features, the use of a BiConvLSTM
network to refine these encodings temporally, and the use of elementwise max
pooling to create an aggregate video representation. To baseline performance
gains, we compare against architectural decisions made by the study that most

closely resembles our work, [146].

A.6.4.1 Spatial vs Spatiotemporal Encoders

This study examines the role of a temporal encoder during classification.
The performance of the Spatial (Sec. A.3.2) and Spatiotemporal (Sec. A.3.1) En-
coders are compared and illustrated in Fig. A.6 and Fig. A.7 for the Hockey
and Violent Flows respectively. We see the temporal encoding is adding a slight
boost in performance in the case of Violent Flows. However, the simpler Spatial

Encoder architecture performs slightly better for the hockey dataset.
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Figure A.6: Performance comparison between spatial and spatiotemporal encoders on

the Hockey dataset.
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Figure A.7: Performance comparison between spatial and spatiotemporal encoders on

the Violent Flows dataset.

A.6.4.2 Elementwise Max Pooling vs. Last Encoding

In this study, we sought to determine the usefulness of aggregating the spa-

tiotemporal encodings via the elementwise max pool operation. We did so by

removing the elementwise max pooling operation and running classification on

the last spatiotemporal frame representation. Fig. A.8 depicts that using elemen-

twise max pool aggregation lead to significant improvement in performance.
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Figure A.8: Performance comparison between the feature aggregation techniques max

pooling and last time sequence representation from the BiConvLSTM module on the

Violent Flows dataset.
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A.6.4.3 ConvLSTM vs. BiConvLSTM

For this study, we evaluated the impact of bidirectionality of the BiConvL-
STM on violence classification. We compared its performance to a ConvLSTM
module and depict the accuracies of both in Fig. A.9. BiConvLSTM yields a

slightly higher classification accuracy.
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Figure A.9: Performance comparison between ConvLSTM and BiConvLSTM as temporal

encoders on the Violent Flows dataset.

A.6.4.4 AlexNet vs. VGG13

The aim of this study was to understand the affect of different spatial en-
coder architectures on the classification performance. For this we chose AlexNet
and VGG13 Net pretrained on ImageNet as spatial encoders. Fig.A.10 shows the
performance comparison for the two encoders. It is apparent that VGG13 is per-

forming appreciably better than AlexNet.
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Figure A.10: Performance comparison between AlexNet and VGG13 pretrained models

as spatial encoders on Violent Flows dataset.

A.7 Conclusions

We have proposed a Spatiotemporal Encoder architecture and a simplified
Spatial Encoder for supervised violence detection. The former performs reason-
ably well on all the three benchmark datasets whereas the later matches state-
of-the-art performance on the Hockey Fights and Movies datasets. We presented
various ablation studies that demonstrate the significance of each module in the
spatiotemporal encoder model and provide grounding for our architectures.

While several studies have used ConvLSTMs for video related problems,
our contribution of introducing bidirectional temporal encodings and the ele-
mentwise max pooling of those encodings facilitates better context-based repre-
sentations. Hence, our Bidirectional ConvLSTM performs better for more hetero-
geneous and complex datasets such as the Violent Flows dataset compared to the
ConvLSTM architecture [146]. Based on the comparisons in the results section,

it is not clear if there is a method that is consistently best. Current commonly
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used benchmark violence datasets are relatively small (a few hundred videos)
compared to traditional deep learning dataset sizes. We anticipate that larger
datasets may lead to better comparisons between methods. This may constitute
an interesting future course of study.

Additionally, we were surprised by the performance of the Spatial Encoder
Architecture. Violence detection is a hard problem, but we speculate that some
datasets may be easier than others. Pause a movie or hockey match at just the
right frame and it is likely that a human user will be able to tell if a fight scene or
brawl is taking place. We hypothesize that the same is true for a neural network.
A specific frame may fully encode violence in a video for a particular domain.
We speculate that this is why our Spatial Encoder Architecture was able to match
state-of-the-art on the Hockey Fights and Movies datasets. For more complex
datasets and scenes with rapidly changing violence features, it is important to
understand the context of the frame in the whole video, i.e., both the past video
trajectory and future video trajectory leading outwards from that frame. This is
particularly true for longer or more dynamic videos with greater heterogeneity;
the same sequence of frames could go one of several directions in the future. It
is for this reason that we believe our novel contributions to the architecture, the
‘Bi’ in the BiConvLSTM and elementwise max pooling, are beneficial to develop
better video representations, and we speculate that our architecture may perform
well on more dynamic and heterogeneous datasets. We anticipate further inves-

tigation into this may lead to fruitful results.
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