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The traditional paradigm of supervised learning in action or object recognition often relies
on a top-down approach, ignoring explicit modeling of what activity or objects consist of. Recent
approaches in generative Al research have shown us the ability to generate images and videos
using text, indirectly indicating that we have control over the constituents of images and videos.
In this dissertation, we explore ways to use the constituents of actions to develop methods to
improve understanding of action. We devise different approaches to utilize the parts of actions,
namely object motion, object state changes, and motion descriptions obtained by LLMs in various
tasks like in the next active object segmentation, zero-shot action recognition, or video-text
retrieval. We show promising benefits in action anticipation, zero-shot action recognition, and
text-video retrieval tasks, demonstrating the practical applications of our methods.

In the first part of the dissertation, we explore the idea of using the constituents of actions in
GCNss for zero-shot human-object action recognition. The main idea is that semantically similar

actions (of similar constituents) are closer in feature space. Thus, in our graph, we encode the



edges connecting those actions with higher similarity. We introduce a method to visually ground
the external knowledge graph using the concept of shared similarity between similar actions. We
evaluate the method on the EPIC Kitchens dataset and the Charades dataset showing impressive
results over baseline methods. We further show that visually grounding the knowledge graph
enhances the performance of GCNs when an adversarial attack corrupts the input graph.

In the second part of the thesis, we extend our ideas on human-object interactions in first-
person videos. Human actions involving hand manipulations are structured according to the
making and breaking of hand-object contact, and human visual understanding of action relies
on anticipation of contact, as demonstrated by pioneering work in cognitive science. Taking
inspiration from this, we introduce representations and models centered on contact, which we
then use in action prediction and anticipation. We train the Anticipation Module, a module
producing Contact Anticipation Maps and Next Active Object Segmentations - novel low-level
representations providing temporal and spatial characteristics of anticipated near future action.
On top of the Anticipation Module, we apply Egocentric Object Manipulation Graphs (Ego-
OMG), a framework for action anticipation and prediction. Using the Anticipation Module to aid
Ego-OMG produces state-of-the-art results, achieving first and second places on the unseen and
seen test sets of the EPIC Kitchens Action Anticipation Challenge and achieving state-of-the-art
results on action anticipation and action prediction over EPIC Kitchens.

In the same line of thinking of constituents of action, we next focus on investigating
how motion understanding can be modeled in current video-text models. We introduce motion
descriptions generated by GPT4 on three action datasets that capture fine-grained motion descriptions
of activities. We evaluated several video-text models on the task of retrieval of motion descriptions

and found them to need to catch up to the human expert performance. We introduce a method



of improving motion understanding in video-text models by utilizing motion descriptions. This
method is demonstrated on two action datasets for the motion description retrieval task. The
results draw attention to the need for quality captions involving fine-grained motion information
in existing datasets and demonstrate the effectiveness of the proposed pipeline in understanding

fine-grained motion during video-text retrieval.
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Chapter 1: Introduction

1.1 Motivation and scope

Recent innovations in diffusion models have shown us that we can generate images and
videos by giving a text prompt, giving us control over generating what we want. For example, for
the prompt, photo of a person sitting on a chair eating a banana in front of the house, gure 1.1
shows the image generated using Adobe Fire y. Here, in gure 1.1, the constituents of the image
are given by the prompt. In gure 1.1, a person, chair, house, and the relation between them and
the associated verbs constitute that image. A generative model that can generate all the necessary
constituents/parts of the image is better than others that can't.

On the other hand, a discriminative model is helpful to understand the contents of the
image. If a discriminative model can correctly produce the contents of the image, it has mastered
the analysis process. Typically, this is approached by learning classi ers that will predict all its
constituents.

In this dissertation, we restrict our focus mainly to action videos and learn to improve
discriminative models to understand the action. Our ability to understand actions depends on
how we perceive actions. A deep neural network that classi es actions solely using action labels
maps the input to the action class without explicit attention to attend to different constituents. This

is approached using convolutional neural networks (CNNs) or a transformer-based architecture.

1



Figure 1.1: Image generated from Adobe Fire y from the prompt person sitting on a chair eating
a banana in front of the house.



Some popular approaches in action recognition use two streams, one for RGB and the other for
optical ow, as in [2-5]. Recent approaches [6—8] further improve spatial temporal learning.
While these are great approaches for action classi cation, when it comes to using them for
challenging problems like zero-shot action recognition and action prediction, we require approaches
with more understanding of the action. Zero-shot action recognition requires us to recognize
actions not seen during training. A zero-shot action recognition system requires understanding
how all the actions are related to each other so that even when a particular action is not seen
during training, we can recognize it because we have understood how every action is related.
Action predictions involve predicting what will happen, which goes beyond understanding what

is already seen. These challenging tasks require more sophisticated approaches that go beyond
learning action classi ers.

In this dissertation, we explore whether modeling and using actions' constituents help
overall understanding of action. Constituents of actions is a generic symbolic term used to refer
to high-level information and can refer to the intention of action, tracking of objects and hands
involved, object motion, how the object's states are transformed during the action, etc. These
constituents of actions, when used effectively, can be useful for solving challenging problems
that need more reasoning, like in the case of zero-shot action recognition. We approach using
constituent of actions in primarily two ways. We sometimes learn representations of these
constituents of actions and then use these representations as intermediary signals to solve the
nal problem. This could involve learning the next active object being interacted with, tracking
hands, or segmenting the next active object to solve the nal problem of predicting future action.
Another approach is using these constituent of actions as supervisory signals to perform the nal

task better. In this dissertation, we show work in both approaches.
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1.2 Dissertation Contributions and Outline

| brie y summarize my contributions and outline of this dissertation.

1.2.1 Chapter 2

In this chapter, we explore the idea of using the constituents of actions in GCNs for
zero-shot human-object action recognition. The main idea is that semantically similar actions
(of similar constituents) are closer in feature space. Thus, in our graph, we encode the edges
connecting those actions with higher similarity. GCN-based zero-shot learning approaches commonly
use xed input graphs representing external knowledge, usually from language. However, such
input graphs fail to incorporate the visual domain nuances. We introduce a method to ground the
external knowledge graph visually. The method is demonstrated on a novel concept of grouping
actions according to the shared notions of object motion and object state changes which are the
constituents of action. Object motion and object state changes are not calculated but indirectly
used to improve the zero-shot learning. Our method has been shown to perform superiorly
in zero-shot action recognition on two challenging human manipulation action datasets, the
EPIC Kitchens dataset, and the Charades dataset. We further show that visually grounding the
knowledge graph enhances the performance of GCNs when an adversarial attack corrupts the

input graph. This chapter is based on my published work [9].

1.2.2 Chapter 3

In the this part of dissertation, we extend our ideas on human-object interactions in rst-
person videos. Human actions involving hand manipulations are structured according to the

4



making and breaking of hand-object contact, and human visual understanding of action is reliant
on anticipation of contact as is demonstrated by pioneering work in cognitive science. Taking
inspiration from this, we introduce representations and models centered on contact, which we
then use in action prediction and anticipation. We annotate a subset of the EPIC Kitchens dataset
to include time-to-contact between hands and objects, as well as segmentations of hands and
objects. Using these annotations we train the Anticipation Module, a module producing Contact
Anticipation Maps and Next Active Object Segmentations - novel low-level representations providing
temporal and spatial characteristics of anticipated near future action. On top of the Anticipation
Module we apply Egocentric Object Manipulation Graphs (Ego-OMG), a framework for action
anticipation and prediction. Ego-OMG models longer term temporal semantic relations through
the use of a graph modeling transitions between contact delineated action states. Use of the
Anticipation Module within Ego-OMGproduces state-of-the-art results, achieving 1st and 2 places
on the unseen and seen test sets, respectively, of the EPIC Kitchens Action Anticipation Challenge,
and achieving state-of-the-art results on the tasks of action anticipation and action prediction over
EPIC Kitchens. We perform ablation studies over characteristics of the Anticipation Module to

evaluate their utility. This chapter is based on my published work [10].

1.2.3 Chapter 4

In the same line of thinking of constituents of action, we next focus on investigating
how motion understanding can be modeled in current video-text models. We introduce motion
descriptions generated by GPT4 on three action datasets that capture ne-grained motion descriptions

of activities. We evaluated several video-text models on the task of retrieval of motion descriptions.



We found they fall far behind human expert performance on two action datasets, raising the
guestion: Do video-text models understand motion in videos? We introduce a method of improving
motion understanding in video-text models by utilizing motion descriptions to address this. This
method is demonstrated on two action datasets for the motion description retrieval task. The
results draw attention to the need for quality captions involving ne-grained motion information

in existing datasets and demonstrate the effectiveness of the proposed pipeline in understanding

ne-grained motion during video-text retrieval. This chapter is based on my published work [11].

1.2.4 Chapter 5

Finally, we show some work on obtaining the constituents of objects and actions unsupervised.
We introduce Symbolic Variational Autoencoders, which generate images from symbols representing
semantic concepts. Unlike generic Variational Autoencoders (VAES) or Generative Adversarial
Networks (GANSs), the latent distribution from the Symbolic Variational Autoencoder is discrete.
The symbols are learned in a completely unsupervised manner by reconstructing images from
symbolic encodings. We demonstrate the ef cacy of our symbolic approach on the MNIST and
FashionMNIST datasets. Results indicate that symbolic encodings naturally form a grammar
where unique strings of symbols map to different semantic concepts. We further explore how
changing these symbols affects the nal image generated. This chapter is based on my published

work [12].
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Chapter 2. Visual Grounding In GCN For Zero-shot Learning Of Human Object

Interaction Actions

Graph Neural networks are defacto in learning representations for graphical data. Graphs
are useful when representing scenes [13-15], actions [16, 17], and human-object interaction
[10, 18] activities. Because of the ability to encompass the scene's structure with either attributes
or symbols, knowledge graphs are a step toward explainable Al [19]. In this chapter, we utilize
knowledge graphs to solve one of the challenging problems of recognizing human-object interaction
activities under a zero-shot learning setting.

Consider a simpli ed formulation with two graphs typically used in zero-shot settings: an
input language graph and an output vision graph that we are interested in learning. In the language
graph, each node represents an action obtained from word embeddings. The language graph's
edge weights encode the semantic distance between actions. The output vision graph has the
same amount of nodes as the language graph and corresponds to the visual embeddings. Message-
passing methods like graph convolution and graph attention have been used to learn the mapping
between the known category nodes of the input graph and output graph to Il in information for
the nodes in the output graph for which we don't have examples. In both the formulations of
graph convolution networks (GCN) [20] and graph attention networks (GAT) [21], the structure

of the input graph, along with its edges, is xed.



One of the challenges of using GCN or GAT is that message passing relies only on the input
graph semantics derived from language embeddings, completely being obscure to the semantics
of the visual graph we are interested in predicting. However, we know that the word embeddings
and visual embeddings need not be aligned semantically. Furthermore, word embeddings are
prone to noise depending on the text corpora used to obtain them. The predicted visual graph from
GCN carrying language semantics and the actual visual graph made using visual embeddings will
differ owing to the domain gap between the language and the visual embedding. Moreover, in a
zero-shot learning setting, we can't directly utilize an input graph made from visual embeddings
as we only have information about the training class nodes. This raises the question of the ideal
input graph for zero-shot learning. Using the above formulation to recognize human object
interaction actions under a zero-shot learning setting has another challenge: the semantic gap
between videos of unseen novel test classes and the seen training classes. In this chapter, we
focus on introducing solutions to these issues from the perspective of knowledge graphs.

We propose two methods to visually ground the language graph to address the above
challenges. In the rst method, we modify the input language graph by changing the weights of
the edges to re ect the visual semantics of the visual graph. Speci cally, we modify the language
adjacency matrix by adjusting its weights according to the weights from the vision graph. We
use two different concepts to de ne shared concepts to group actions. We call these processes
inhibitory and excitatory feedback for message passing in graph convolutions. We experimentally
demonstrate that the modi cation of edge weights leads to improvements in the task of zero-shot
action recognition on the Charades and EPIC-kitchens datasets.

In the second method, we integrate the visual graph in learning the GCN. Since the test

classes are unknown, we rst estimate the adjacency matrix of the visual graph for all the classes
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by using the adjacency matrix of the language graph. We then modify the GCN graph propagation
rule to integrate the visual adjacency matrix. We experimentally demonstrate the usefulness
of the visual adjacency matrix under normal conditions as well as when the language graph is
adversarially attacked.

In summary, our contributions are:

1. We highlight the limitation of using only the language graph in zero-shot learning, ignoring
the semantics of the visual graph. We propose two methods to visually ground the language

graph to tackle this.

2. The proposed methods are simple and easy to integrate with existing GCN message-passing

methods.

2.1 Related Work

2.1.1 Graph Neural Networks

Graph convolutional networks (GCN) have been introduced by Kipf and Welling [20] for
the semi-supervised classi cation of graph data. The core of the GCN is the graph propagation
rule, which intuitively does feature aggregation of neighboring nodes. The importance of a
neighboring node in learning the features of a node is given by the edge weight connecting the
node with its neighboring node. The GCN of Kipf and Welling [20] uses an adjacency matrix to
represent the edge weights and is xed. Thus, its performance relies mostly on the accuracy of the
adjacency matrix and to an extent the features of nodes. Graph Attention networks (GAT) [21],

on the other hand, implicitly learn the importance of a node relative to its neighboring nodes
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through self-attention over the features of nodes. There have been several improvements [22-25]
over the original GCN and GAT, but the underlying graph propagation in networks still relies on
the input graph. Elinas et al. [26] introduced structural learning of the GCN adjacency graph
assuming a transductive setting. However, they assume that all training classes are independent
of each other when conditioned on features and an adjacency matrix. For manipulation actions,
we can't assume the classes are independent of each other. Many actions can be grouped based
on attributes or shared concepts. Our method of using grouping of actions in GCNs shows that
there is indeed bene t in assuming the interdependence of action classes. Furthermore, we build
an inductive model to estimate the visual adjacency matrix as feedback from the visual graph. We
do not assume any probabilistic model of the adjacency graph or the features. While updating
the GCN, Ghosh et al. [27] add a triplet loss between positive and negative neighbors in the input
language graph but still ignore the visual domain semantics to obtain the triplets. We differ from
all previous methods by introducing another aspect to graph propagation. We introduce direct
feedback from the output graph while doing graph propagation. The additional information from
the output graph in the form of an adjacency matrix provides the relationship between the nodes

in the output domain

2.1.2 GCNs For Zero-shot Action Recognition

Previous approaches for zero-shot action recognition include [28-36]. Many studies rely on
attributes for zero-shot recognition. However, none of the previous works de ne attributes that are
effective in large challenging human object manipulation datasets like the Charades dataset and

EPIC-Kitchens55 dataset. Jain et al. for their system Objects2action [31] use objects present in
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Figure 2.1: Overview of our zero-shot action recognition approach: The Input graph is
visually grounded before being passed to a GCN to predict the output visual graph. Visual
grounding refers to either the weight adjustment method (Method?2) or the visual adjacency graph
method (Method1) described in sections 2.2.5 and 2.2.6, respectively.

actions as attributes, and Liu et al. [34] use attributes for the classi cation of whole body actions.
The methods in [27-29] are graph based using word embeddings only. Our approach falls under
the umbrella of hybrid approaches as it combines word embedding with visual feedback and the
visual adjacency matrix. In our experiments (Sec. 2.3) we compare against Ghosh et al. [28],
who fuse three graphs to represent actions, objects and verbs and perform knowledge transfer. In
comparison, our knowledge graph is much simpler consisting of just one graph instead of a fusion
of three and relies on simply calculating the cosine similarities between the word embeddings.
To the best of our knowledge, none of the previous works consider addressing the domain gap
between visual and language graphs. A few studies use excitatory and inhibitory weight changes.
[24] exploited multidimensional edge features. Jia et al. [23] introduced squeeze excitation of
node channels completely in a feed-forward way of message passing by learning weights to
excite the nodes. We differ from [23, 24] by incorporating excitation or inhibition based on the

grouping of actions.
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2.2 Method

2.2.1 Architectural Overview

Here we describe the high level formulation of our zero-shot action recognition. This forms
our GCN baseline method referred to in the experimental section 2.3. Let the number of training
classes b&, and the number of test classesle

Figure 2.1 shows the architecture of the network at training time. The network consists of
an input language graph on the left, which represents all the actions in form of language vector
embeddings, and a vision graph, on the right, whose nodes are the embeddings of actions from
the visual domain.

The language graph nodes are initialized with the GloVe [37] word embeddings, and the
value of the weights on the edges originally are the cosine similarity distances between the GloVe

vectors.

2.2.2 Graph Convolution Network

Consider a grapls with N nodes. Let its adjacency matrix Beof dimensionN  N.

The graph propagation rule from the formulation of the GCN by Kipf and Welling [20] is given by

Hia = (A H W) (2.1)

In equation 2.1 H.; is the GCN output matrix at levél+ 1 of dimensionN  k , and
H, is the input feature matrix at levélof dimensionN  d. W, is the GCN weight matrix of

dimensiond k that we are learning. Heleis the output feature dimensioA. is the adjacency

14



matrix. f is a non-linear function which in our case is a leaky relu activation layer at the end of
each convolution operation. We use the same normalization to the adjacency matrix as in [38].

After normalization ofA the modi ed propagation rule is given by equation 2.2.

Ha=f(D?* A H W) (2.2)

with D denoting the diagonal matrix of the adjacency matrix.

2.2.3 Training

The graph convolutional network is trained to learn the nodes of the output vision graph.
This is done as follows: In a pre-processing step, we train an 13d [2] classi er using the videos
of action categories in the training set. We then utilize the nal classi er layer weights of the 13d
classi er to train the GCN. Let us denoW .ssifier  Of dimensionS  k as the nal classi er
layer weight.

During training, the predicted embeddin®4yearain Of the training nodes of the output
vision graph are matched with the 13d classi er weighifg,ssiier  Obtained earlier in the pre-
processing step. We ensure that the node representing say for example “put ” action class is
matched with the 13d classi er layer weight representing the “put” action class. Wgtgyain Of
dimensionS k represents the visual embeddings of the training nodes of the graph. Speci cally
loss,

loss = ” Wpredtrain Wclassifier JJ 2 (23)

is minimized between the predicted weights and the trained 13d classi er weights.

15



2.2.4 Testing

At test time, given a test video, the 13d featufesg; of dimensionk are extractedf
is compared against all the nodes of the output GCN representing testing classes to obtain the
action category of the video. L&Yy eqrest Of dimensionU Kk represent the visual embeddings
of U number of test class nodes. Using the symbtd denote transpose of a matrix, i.B]

est !

the predicted clas¥ is derived from equation 2.4

Y = softmax (Wpredtest ftgst) (2.4)

2.2.5 Visual Grounding Using Grouping Of Actions

Since we don't have access to all the nodes of the output graph at training time, we employ
an indirect approach using the output graph's semantics. We form groups of actions according
to cognitive concepts which the actions have in common. Using super-categories and creating
groups of actions has roots in de ning an ontology of actions [39]. In our case, we de ne a
higher-level representation of manipulation actions by considering the geometric transformation
performed on the manipulated object [40], topological changes on the scene, or the type of object
motion involved. The grouping of actions follows cognitive reasoning and can be extended to

any human-manipulation activities dataset.

2.2.5.1 De ning the grouping of actions using shared cognitive concepts

We group actions according to two criteria. First, according to the object's change of state

that the manipulation action induces. Second, based on the types of object motion involved.
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Here we list the actions in the EPIC Kitchens dataset having that shared concept of the rst

kind.

» Decrease in size: squeeze, press, crush, fold, knead

* Increase in size: open, stretch

» Add (to the scene): put, pour, insert, Il, add, apply, spray.

* Remove (from the scene): take, remove, empty, scoop, lter

» Separate: Cut, break, peel, divide.

We can also group actions based on the motion type (second kind)

e complex motion: mix, shake

« translational motion: move, put, insert, take, remove.

* rotational motion: turn, scoop

* no-motion: grasp, hold.

Charades dataset, however, includes not just the manipulation actions but actions like
“walk”, “sit”, “watch” for which object state changes don't directly apply. Another interesting
feature of the Charades dataset is that the action classes are a combination of both verbs and
objects. Examples include “Putting something on a table”, “watching a book”, “watching a
window”, "smiling at a mirror”, and "watching something/someone/themselves in a mirror”. For
the Charades dataset, we form groups based on the common object involved in an action. We

hypothesize that actions involving the same objects tend to have closer RGB visual features based
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on the discussion in [41] which says that there are more errors for classi ers of actions with the
same object and different verbs. Furthermore, our goal is not to create super categories of actions
that classify all actions. But instead, come up with a logical way of grouping actions that can
be easily generalized in any object manipulation dataset. While there are many ways of forming
groups, we have seen from the experiments that our algorithm is resilient to speci ¢ groupings of

actions.

2.2.5.2 Modifying the adjacency matrix based on grouping of actions

Here we describe how we utilize the grouping of actions to modify the adjacency matrix
obtained from language embeddings. Bghguage represent the adjacency matrix obtained from
word embeddingsA anguage[i; ] ] represents the edge features between nobdesj . If nodesi
andj belong to the same group of actions, they are expected to be visually more coherent. Thus,
we intend to excite the edges when nodasdj belong to the same group of actions and inhibit
the edges when they are in a different group. There are many ways to do it. In our experiments,
we increase the weight of the edge between nodeslj by a constant value when they belong to
the same category (excitation operation), and we decrease it by the same constant value when they
are different (inhibition operation). Let us denote the modi ed adjacency matrix after this weight
adjustment process #&;0unding - We set the mean of the row normalized language Adjacency
matrix Ajanguage @S the constant to be added or subtracted in excitation or inhibition. The intuition
behind this is that this way the edge weights remain positive, and excitation is still mostly in the
same order of the original edge weight. Very high values would lead to instability, especially in

the inhibition operation, and very small values would not lead to any signi cant changes to the
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adjacency matrix. In the experimental section, we provide a sensitivity analysis of the choice of
constant and how it impacts performance.

After we obtainAgoundging DYy modifying the original adjacency matrjanguage, We use
Agrounding fOr graph propagation in equation 2.2. Equation 2.5 describes the process of graph
propagation.

Hi.. = f(D ! Agrounding H W) (2.5)

Modifying the distances of word embeddings by a constant based on the grouping of
actions, may not be the optimal way to solve the domain shift between language embeddings
and visual embeddings. However, it is very ef cient in terms of ease of implementation and it
incorporates the visual domain knowledge in the input adjacency matrix. Once the adjacency
matrix Ajanguage 1S modi ed based on the grouping of actions in equation 2.5, we use the same
propagation rule as given in equation 2.2 to learn the classi er weights of test classes. Essentially,
we are training the GCN only once in the entire process thereby reducing the complexity of

incorporating visual feedback to the whole process.

2.2.6 Modifying Weights Via The Visual Adjacency Matrix

Here we introduce a second method to learn the visual feedback required to incorporate
the domain shift between the language graph and the visual graph. Let us refer to the adjacency
matrix of all the visual embeddings as the visual adjacency matjix. . If we utilize only

Avisual fOr graph propagation, the updated GCN propagation rule becomes equation 2.6.

|_|I+1 = f(D ! Avisual HI WI) (2-6)
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Figure 2.2: Learning the transformation frofunguage 10 Avisual

HoweverA,isua IS Not available at training time. To obtafqy,isua at testing time we learn
a transformer functiofr shown in equation 2.7 that transforms the adjacency matrix from the
language domain to the visual domain. In other words, the transformer function is learning how
to predict the distances of nodes in the visual graph from the distances of nodes of the language
graph. We use the GCN network to learn the visual embeddings of the test classes whereas
the transformer function is used to estimate the distances between the visual embeddings of test
classes.

F (Alanguage) = Avisual : (2.7)

2.2.6.1 Learning Transformer Functién

Consider a language adjacency mafi¥nguage With N nodes of dimensioll  N. The

total number of classes in the dataset would also be equdl tbet there beS training classes
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andU test classes in the dataset. We are interested in estimating a visual adjacencygairix

with N nodes of dimensioN  N. Ajanguage Can be easily obtained for all the N classes from its
word embeddings. However, for obtainiAgisua We only have with u$ classes during training.

The remaining values have to be estimated. Training one regression model for the entire dataset
didn't yield good results. Instead, we split the regression into parts and learn the different parts
separately. The performance of the system depends on how well we can learn the transformer
functionF.

Each row in the adjacency matrix represents the cosine similarities between it and the rest
of the classes. We rearrange the adjacency matrix for illustration purposes to show how we learn
the transformer function. We rearrange it such that the Sstows of the adjacency matrix
represent that of training classes and the next U rows represent that of test classes. Similarly,
the rst S columns represent that of training classes and the desblumns represent that of
test classes. Figure 2.2 illustrates this rearrangement. Subrdadfid anguage CONtains the
cosine similarities between titraining classes of\anguage. Submatrix2 contains the cosine
similarities betweer$ training classes and test classes oA janguage . Submatrix3 contains the
cosine similarities betweed testing classes anl training classes oAjanguage. Submatrix4
contains the cosine similarities between theest classes 0fjanguage. SubmatriceqS 26 35 4°
similarly are rearranged fa,is.a . Submatrixi®is available at training and our goal is to obtain
submatriceg? 3% 4°

To obtain2’, we trainS number of regression models one for each ro@%fitilizing one
row each ofl and1°as training data such thgt(1) = 1° 3°is obtained as the transposeXtiue
to symmetry.4°is obtained by a regression model that is trained on the entire submataces
1%such thafF (1) = 12 Each of these regression models consists of a two-layered fully connected
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layer neural network havingOnodes in each layer having relu activation layers and solved using
the LFBGS solver.

OnceA,isual IS Obtained, we could use it instead of the language matrix. However, there are
advantages for using bofisya andAanguage for the sake of making the model robust. There are
various ways of utilizing botlisyar andA anguage - Ma et al. [42] developed a multi-dimensional
GCN whereAisya andA anguage Can be two channels of a largematrix. However, for the sake
of simplicity, we use a single-dimensional GCN and propose a new modi ed GCN propagation

rule in equation 2.8 which includes bo#yisyar @andA anguage -

H|+1 = f (D ! (Alanguage + Avisual) HI WI) (28)

Here is the weight factor that can be determined empirically for best performance.

2.3 Experiments

2.3.1 Datasets

Experiments are conducted using tBBIC-Kitchens-55 dataset [43] and th€harades
dataset [44]. We chose these datasets as they are some of the largest human manipulation action
datasets and we can test our ideas of visual grounding through grouping of actions on them.
EPIC-Kitchens-55is an egocentric activity dataset of people recording their activities in
kitchens. It has over 125 verbs and 331 nouns. We selected the top 50 most frequent verbs
provided by the authors of [43] for the experiments in this paper to avoid the long tail problem.

Among those, we used 22 verbs as training and 27 verbs as test classes for evaluation purposes.
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We eliminated the verb "walk” because it is not a human manipulation action. For each verb, we
manually formed the group of actions based on the geometric or topological change or the object
motion involved as described earlier. The train and test splits and the groupings of actions will
be released after acceptance.

Charadesis a dataset made up of crowdsourced videos of activities in people's homes. The
videos are on average 30 seconds long and each includes a sequence of multiple action classes.
There are 157 action classes and for our experiments we used splits of 79 training and 78 test
classes as reported in [28]. Descriptions of all videos along with the object classes are provided.
For this dataset, because there are a signi cant amount of non manipulation actions and the action
classes themselves are a combination of verbs and objects involved, we formed groups of actions
based on the object involved. Intuitively, actions involving the same manipulated objects tend
to have closer RGB visual features Since for this dataset the object manipulated in each video is

provided, there was no need for further annotation.

Method EPIC-Kitchens (22-27 split
ESZSL [45] 7.33
DeViSE [46] 10.25
DEM [47] 8.66
knowledge graphs [28] 13.94
GCN baseline 15.21
Ours GCN-I 16.78
Ours GCN-IE 16.94
Ours GCN-E 19.62

Table 2.1: Evaluation of classi cation accuracy for novel test classes on EPIC-Kitchens Dataset.
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Method Charades
ESZSL [45] 17.21
Knowledge graphs [28]| 18.21
GCN baseline 18.43
Ours GCN-I 18.16
Ours GCN-IE 19.16
Ours GCN-E 19.35
Ours GCN Av* 19.19
Ours GCN AV 19.63
GCN baseline with attack 15.846
GCN-V after attack 17.11

Table 2.2: Evaluation of classi cation accuracy for 79 novel test classes on Charades Dataset.
We report mean average precision mAP.

2.3.2 Implementation Details

2.3.2.1 Baseline GCN

We used the 13d network [2] to obtain classi ers for the Epic-Kitchens-55 and the Charades
dataset. EPIC-Kitchens-55 is a highly unbalanced dataset when it comes to the number of videos
per class. This resulted in poor performance in zero-shot learning. Therefore we sampled
the dataset such that approximately 50 samples per class were present in the training set. We
initialized the weights of the 13d network with those pre-trained on Imagenet and netuned the
last layer of the 13d classi er for the EPIC-Kitchens dataset. For the Charades dataset, the 13d
model classi er was trained end to end and we followed the insights from [28] to obtain the 13d
classi er weights.

The trained 13d classi er weights were then used to train the GCN. We used a two-layer
GCN having hidden layers of 1024 1024 dimensions to predict the 13d classi er weights.

Empirically, we found that having two layers in the GCN gave better results than deeper GCNSs.

24



We initialized the input graph nodes with 300-dimensional GloVe embeddings trained on the
Wikipedia dataset. The input graph node dimension is 300, and the output graph node dimension
is 1024, equal to the 13d feature dimension. The number of nodes of the graph for the EPIC-
Kitchen dataset was 50, which is equal to the number of verbs we selected in our dataset.
Although we removed "walk” from the dataset we didn't remove its nodes in the graph as this
didn't affect much the experiments. The number of nodes of the graph for the Charades dataset
was 157, which is equal to the total number of classes in the dataset. We updated only the
training nodes during the training. We used the Adam optimization algorithm with a learning
rate of 0.0005 and momentum of 0.0001 for the Charades dataset, a learning rate of 0.0001, and
momentum of 0.0001 for the EPIC-Kitchen dataset. The GCN was trained with L2 loss to predict
the classi er weights for about 15000 epochs for the Charades dataset and for 400 epochs for the
EPIC-Kitchens dataset. For all subsequent experiments and ablation studies we used the same
architecture setting and network learning parameters. Only the way the adjacency matrix was

computed differs.

2.3.3 Experimental details:

Table 2.1 and Table 2.2 summarize the results of zero-shot action recognition for different
ways of forming the graph and training it on the EPIC-Kitchens and Charades dataset, respectively.
We compare our method against a baseline GCN with no modi cation of the weights and against
other methods previously reported in the literature.

Table 2.2 shows the results of zero-short action recognition on the Charades dataset. The

results of ESZSL [45] and [28] are from [28]. We report the Mean Average Precision of the
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test categories for the Charades dataset and report percentage accuracy for the test categories of
the EPIC-Kitchens dataset. GCN-I stands for GCN with inhibition of edges and GCN-E stands
for GCN with excitation of edges. GCN-IE stands for GCN with both excitation and inhibition.
GCN-E was the best performing model for the Charades dataset, outperforming the baseline
GCN, knowledge graphs [28], and ESZSL method [45]. GCN-IE, which has both excitation and
inhibition, is the second best. Inhibition of edges is not leading to signi cant improvement in
performance compared to excitation.

A similar trend is also seen for the zero-short action recognition results on the Epic-
Kitchens dataset. We implemented ESZSL [45], DeVISE [46], DEM [47] baselines and compared
against our methods as shown in Table 2.1. Our method GCN-E nearl\OBg&isnprovements
over previous zero-shot action recognition methods. We further report experiments of using
the estimatedisua adjacency matrix on the test splits of the Charades dataset in table 2.2.
GCNAV * represents GCN USiNg\janguage and estimated\isya . GCNAV represents GCN
usingAgrounding @longside estimatedl,isya . Using the visual adjacency matrix on topAfounding

leads to the best performance on Charades, further validating the idea of visual feedback through

theAvisual .
Method Charades (40-39 split)
GCN L 12.92
GCN  Vieal 15.60
GCN Videal L 17:28
GCN Vestimated 1206
GC N Vestimated L 1346

Table 2.3: Evaluation of classi cation accuracy for 39 novel test classes in ablation study on
Charades Dataset. Results are in mAP.
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Method | Setl1 | Set2 | Set3

GCN-l | 17.21| 16.78| 16.79
GCNIE | 16.48| 16.94| 16.3
GCNE | 18.72| 19.62| 18.61

Table 2.4: Evaluation of classi cation accuracy for novel test classes on EPIC-Kitchens Dataset
for different groupings of actions

c=0:02|,c=0:01| c=0:005
GCN-E| 18.72 17.90 16.90
GCN-I 5.18 17.21 15.90

Table 2.5: Variation of classi cation accuracy on novel test classes on EPIC-kitchens dataset for
different “constant” parameter used in excitation and inhibition process. In the table c refers to
‘constant”.

2.3.3.1 Howto setthe “constant” parameter used in the inhibition and excitation
process?

As described earlier, the “constant” parameter can be set as the mean (over all elements)
of the normalized anguage Matrix. Table 2.5 shows the sensitivity to this “constant” parameter
on the performance of GCN-E and GCN-I for the EPIC-kitchens dataset. A smaller value than
the mean ofA|anguage results in less accuracy improvements for GCN-E. For this experiment
the mean ofAanguage Was0:02 For GCN-I however a value slightly lower than the mean of
Alanguage results in best performance. We can tune the system to get the best values for the

“constant” starting with the mean.

2.3.3.2 Studying the effect of weight adjustment on different groupings of actions

We wanted to check if our proposed method is sensitive to the choice of shared concepts
used to group actions. We created three sets of different shared concepts and made groups of
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=0:01 =0:02
Test Acc| 19.19 18.97

Table 2.6: Variation of classi cation accuracy for 79 novel test classes on Charades dataset for
different in equation 2.8 for GCNAV* setting.

actions based on those sets (with a varying number of shared concepts). We performed the
experiments on these three sets on the EPIC-kitchens dataset. Table 2.4 shows that our method of
weight adjustment is agnostic to grouping of actions. Here we list the different shared concepts

that were chosen for each set.

» Setl: Decrease in size, Increase in size, Add (to the scene), Remove (from the scene),

Separate.

» Set2: Decrease in size, Increase in size, Add (to the scene), Remove (from the scene),

Separate, Complex motion

» Set3: Translational motion, Complex motion, Decrease in size, Increase in size, Add (to

the scene), Remove (from the scene), Separate.

2.3.3.3 Effect of Visual Adjacency Matrix

To evaluate the impact of the visual adjacency matrix on the overall GCN propogation
(equation 2.8), we performed some ablation experiments on the Charades dataset. For this, we
only used the training set of 79 action classes in the charades dataset. Among these, we randomly
chose 39 test classes, and the remaining 40 were kept in the training. Then we performed zero-
shot action recognition on the 39 test classes by using a different adjacency matrix in each case

study. We analyze the following different cases of chice of initial adjacency matrix:
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1. GCN-L: This is a baseline GCN that uses the language adjacency matrix and the formulation
represented in equation 2.2. We constructé®a 79 dimensional language adjacency matrix
Ajanguage @nd computed the test accuracy for 39 classes.

2. GCN  Vigea: This is a GCN using the ground truth visual adjacency matrix. From this
experiment, we could understand the upper limit of test class accuracy using the visual adjacency
matrix Ayisua - FOr this experiment, we computed the adjacency matrix using the entire 79
training classes in the original charades dataset. Instead of estimating the visual adjacency
matrix, we used the ground truth 13d class weights and constrégtgd, . We computed the

test accuracy for 39 classes and used the formulation in equation 2.6.

3. GCN Vestimated This is a GCN that uses the estimated visual adjacency majiix.

and the formulation in equation 2.6. We used 40 training classes and 39 test classes to learn
Avisual - We set up a transformer network, as described in subsection 2.2.6.1 toleb&iomF

we obtained the visual adjacency mathixs,a - We used the visual adjacency mathixisya in
eqguation 2.6 to obtain the zero-shot action test accuracy for 39 classes.

4. GCN  VjgeaL: This is a GCN that uses both the ideal visual adjacency mAtfix. and

the original language adjacency matAx,guage - WWe used equation 2.8 to obtain the zero-shot
action test accuracy for 39 classesn equation 2.8 was set to 0.2

5. GCN VestimatedL: This is a GCN that uses only an estimated visual adjacency matrix
Avisua @andA,isua language adjacency matianguage . WWe used 40 training classes and 39 test
classes. We set up the transformer network described in subsection 2.2.6.1 td-olftaom F

we obtained the visual adjacency matiys.a . We used the visual adjacency matrix in equation

2.8 to obtain the test accuracy for 39 classessed in equation 2.8 is 0.1
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Table 2.3 reports the results of the ablation study. We report the Mean Average Precision
for 39 test classes in the table for the Charades dataset. GEN  Vestimateq L results in table
2.3, we can see that using the estimated visual adjacency mMaigiy has a lot of value on its
own and performs as well as using it instead\@fguage .- EXperiments olGCN  Vigea L Were
conducted to nd the upper limit of test accuracy usiligs,a . The experiments show that just
the idea of usindAisua IS bene cial provided we are able to learn a good transformer function
F. However, for all practical purposes we have to rely on the estimated visual adjacency matrix
Avisuar USINg the transformer functida. Training the transformer functida is hard as we have
limited data points for training and it is a complex function to learn. Learning a dettiEpends
on accuracy OfA anguagetrain  @Nd Ayisuairain - If both of these are unreliable, then the overall
accuracy of the system will be poor, and this is one of the limitations of our approach.

Setting parameter We performed experiments to determine sensitivity of parameter
in equation 2.8. Table 2.6 reports experiments for different parametersgdEquation 8 for the
Charades dataset experiments reported in Table 2.2 for the GCNAV * setting. An initial value

can be set like in any multitask learning.

2.3.3.4 Robustness to Noise in the Language Graph

While there is no direct negative social impact with our approaches, graphs are easily prone
to adversarial attacks. We evaluate the performance of GCNs by creating perturbations on the
input language graph. We created perturbation on the input language graph by poisoning the
edges. Speci cally, we poisoned the edges of those verbs belonging to same grouping of actions.

We decreased the weight of these edges by 0.1. We then re-ran our algorithms on this setting.
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GCN after it was attacked had a 15.8 MAP on the charades test set when using the attacked
adjacency matrixGCN V uses the estimated visual adjacency maijx,, from the attacked
adjacency matrix along with the attacked adjacency maB@N V had a 17.11 MAP on test
classes showing robustness when using the estimated visual adjacency matrix despite the original

language matrix being attacked.

2.4 Conclusion

This chapter discussed our work published in [9]. We used object-state changes and objects
as constituents of actions. We presented two methods to improve message passing by providing
visual feedback in GCN. Inhibition and excitation of edges is a simple and effective method for
introducing visual grounding in an input language graph. Grouping actions based on object state
changes or other properties helps in this process. Since the adjacency matrix is modi ed only
once, training is simple. The second method introduces modi cations to message passing in
GCN to incorporate the visual adjacency graph. The visual adjacency graph, often overlooked,
is still helpful in providing visual feedback in a language graph. We provided comprehensive

guantitative evaluation of the proposed methods on Charades dataset and EPIC-kitchens dataset.
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Chapter 3: Forecasting Action Through Contact Representations From First

Person Video

Understanding and anticipating others' actions is a necessary capability for uid human
interaction and collaboration. Without this capability collaboration involves excessive wait times
as we wait for others' actions to complete. Responding earlier to others' actions reduces physical

load, cognitive load, and the completion time of the task [48, 49].

Figure 3.1: lllustration of representations involved in the Anticipation Modulahere the
scenario depicts a person reaching into the oven. RGB video feeds into the Anticipation
Module which produces Contact Anticipation Maps and a localization of the Next Active Object
Segmentation. Visualization colors in the Contact Anticipation Maps vary from blue (large time
to contact) to red (pixels belonging to hands or objects in contact).

In our work on action understanding, we leverage rst person - or egocentric - perspective,

rather than the third person perspective more common in action datasets. There are a few reasons

for this: 1) the egocentric perspective provides a less occluded view of the hands and the action
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being performed, 2) this view contains cues of intentionality — e.g., we tend to look towards
the destination or focus of our actions, 3) as head mounted displays, including augmented reality
headsets, become more common, egocentric data is becoming more readily available and methods
involving the egocentric perspective more relevant (and, robots are able to leverage egocentric
data from human worn sensors). In this chapter we work with the egocentric datasets EPIC
Kitchens [43] and EGTEA [50].

Human interaction with the environment is largely performed through hand manipulations
of objects. Each manipulation involves the making and breaking of hand object contact as a
de ning characteristic. Possible bene ts of contact include better: 1) determining the class of
action being performed, 2) delineating action boundaries, and 3) projection into the near future
of action. As such, we structure our representations around contact with objects.

We de ne two classes of object, aligning with two different times of interest: the present,
and the near future. Previous works [51] have de nedAative Objectas an object currently
involved in a given interaction. In this work, we de ne tetive Objecof a hand as the object
presently in contact with the hand, and we de ne Next Active Objecas the object which will
next come into contact with that hand. In seeking to model future action we produce predictions
for the Next Active Object.

Understanding which objects are Active Objects involves understanding hand-object contact.
Understanding Next Active Objects involves predicting future hand-object contact. There is
evidence from the cognitive science literature that modeling of contact plays a central role in
human visual understanding of action [52,53]. As such, we center our models around contact.

We introduce components and representations useful for understanding contatnti€ipation

Module contains two networks: th€ontact Anticipation Networkand theNext Active Object
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Network TheContact Anticipation Networgroduces a representation termed@uatact Anticipation
Map, and theNext Active Object Networgroduces d\ext Active Object Segmentatioibee
Figure 3.1 for an illustration of the representations produced by the Anticipation Module.

Pioneering works in cognitive science (e.g., [1]) indicate that the velocity pro les of point-
to-point hand movements follow a bell shaped distribution. We verify the presence of this bell
shaped distribution with experiments: See Section 3.2.1 for an illustration. During the onset
of hand motion, the hand gradually accelerates, and as the hand approaches contact it rapidly
decelerates. This is a motion cue relevant to action on which humans rely when understanding
each other's actions [54]. This shows that in hand reaching there is structure in the relations
between the position of the hand, the position of the object, and the velocity of the hand. This
low-level cue is of central relevance to action understanding, particularly anticipation of near
future action characteristics, and we model it through the Contact Anticipation Maps.

Contact Anticipation Maps are a hand-centric representation, providing a pixel-wise estimation
of potential time-to-contact between the hand and pixels in the scene. Pixels belonging to the
hands of the actor and Active Object(s) are represented with time-to-contact values of 0. See
Figure 3.1 for illustration.

The Contact Anticipation Network produces Contact Anticipation Maps in a low level
fashion, without utilizing components or representations critically dependent upon accurate performanc
of object detectors, hand trackers, the category of the object being acted upon, or classi cation
of the action being performed. This low-level approach to anticipating the next active object is a
less brittle approach than approaches critically dependent on the performance of object detectors
and hand trackers.

We feed a history of Contact Anticipation Maps in parallel with a stack of RGB frames to a
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network whose purpose is to localize the Next Active Object - the Next Active Object Network.
The Next Active Object Network produces a representation localizing the likely Next Active
Object - the Next Active Object Segmentation. In combination the Contact Anticipation Network
and the Next Active Object Network provide a prediction\drerein the scene the Next Active
Object will be, andvhencontact with that object will be established.

The Next Active Object Segmentation is useful in understanding the type of interaction
which will take place. Segmentation provides cues such as size, shape, and distance from the
person, as well as providing a speci c localization over which object classi cation can be run,
providing an object category.

To produce data with which to train the Anticipation Module we augment a portion of the
EPIC Kitchens dataset with annotations of hands and objects, and the times at which hand / object
contact occurs. This allows us to construct, at each frame prior to contact, a pixel level labeling
of the hand, the Next Active Object, and the time remaining until that object and the hand come
into contact. EPIC Kitchens provides RGB data, and includes no depth data - and while hand
trajectories are best represented in 3 dimensions, 2 dimensional projections still provide ample
trajectory information.

In our work on action understanding we approach two related tasks: action prediction, and
action anticipation. Action prediction is the task of recognizing an action given only a partial
observation of an ongoing action. Action anticipation is the task of anticipating the category of
a near future action before its start. The representations produced by the Anticipation Module
are of utility to the tasks of action prediction and anticipation, and we evaluate the anticipation
module w.r.t. performance on these tasks.

Not only are the short range action characteristics provided by the Anticipation Module
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relevant to these tasks, but longer-range activity structure is relevant as well. For the modeling
of longer range context and relations, methods beyond the Anticipation Module are needed. We
extend the temporal window of activity modeling with Egocentric Object Manipulation Graphs
(Ego-OMG) [55], aggregating the representations from the Anticipation Module in producing
representations for sequences of high-level states spanning large timespans of activity. Because
of this we are able to abstract from contact derived representations to semantic modeling of the
ow of activities. This also allows us to evaluate the utility of the Anticipation Module within

the context of a full action understanding system.

The architecture of EQo-OMG consists of two streams. The rst stream captures visual
appearance and short term dynamics. This stream consists of a CSN [56] a variant of the 13D
Network [2] making use of channel-wise group 3D convolutions. The second stream leverages
the output of the Anticipation Module in modeling the temporal semantic structure of the activity
being performed. The core of this second stream is a graph representation embedded into a vector
space through use of a Graph Convolutional Network (GCN) [20].

Ego-OMG's graph representation is constructed as follows: transcripts of the activities
from the training set are processed to produce a graph structure capturing the connections from
state to state through actions. The nodes of this graph consists of state representations derivable
from the Anticipation Module - categorical representations for the Active Object from the Contact
Anticipation Network and the Next Active Object from the Next Active Object Network, modelling
the left and right hands separately.

The CSN and GCN streams are then combined to produce an action prediction.

We perform ablation studies over the Anticipation Module's representations, and through
doing so determine which characteristics of those representations are responsible for their utility
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to action anticipation and prediction.

Using the representations produced by the full Anticipation Module we demonstrate state-
of-the-art performance over the recent EPIC Kitchens Action Anticipation Challenge, achieving
1 place on the EPIC Kitchens Action Anticipation Challenge unseen test set, and 2 place on the
seen test set, and outperform all previously published approaches without any use of ensembling,
unlike many competing approaches.

The primary contributions of this work are:

* A novel training signal for action understanding capturing information of time-to-contact
between hands and objects, and segmentations of hands and objects. Over this signal we
train the Anticipation Module, consisting of two networks which produce the following

low level action representations:

1. Contact Anticipation Maps: pixel wise anticipated time-to-contact involving one of

the left or right hands.

2. Next Active Object Segmentations: segmentations localizing candidate Next Active

Objects.

» A surpassing of the state-of-the art with a full action understanding framework - EQo-OMG
- built upon the proposed Anticipation Module, achieving 1 and 2 place on the unseen and

seen test sets respectively of the EPIC Kitchens Action Anticipation Challenge.

The remainder of this chapter is structured as follows: In Section 3.1 we provide an
overview of related work; in Section 3.2 we detail our method; in Section 3.4 we describe our

experiments and results;
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3.1 Related Work

3.1.1 Action Anticipation and Prediction

Action anticipation is the task of classifying future actions from observations that end
before the actions begin. Action prediction is referred to in many works as "early action recognition”:
we adopt the nomenclature of [57], referring to the classifying of partially observed actions
as action prediction. While the study of action recognition has received signi cant attention,
the study of action anticipation and action prediction has only recently begun to attract more

attention [58-61], particularly in the egocentric setting [62—65].

3.1.2 Egocentric Cues

Previous works have demonstrated that exploiting hand motion and formation in various
forms can improve action recognition performance [66, 67]. Most previous action recognition
frameworks incorporate hands by feeding hand detection patches [66,68], 3D joint pose estimations
[69], or both [70-72]. Li et al. [73] utilized the manipulation point, a 2D point in the image
representing a point in reference to each of the hands, as an egocentric feature for action recognition.
Fewer works attempt to utilize the hand trajectory as a cue. Liu et al. [63] propose motor attention,
the anticipated future hand trajectory enacted throughout the performance of an action.

Rather than explicitly modelling future trajectories - which are inherently ambiguous - we
focus on predicting the endpoint of the trajectories, terminating in contact with objects. For
this, we leverage our Contact Anticipation Maps stacked through time. This history of Contact

Anticipation Maps implicitly contains trajectory information.
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3.1.3 Active Objects

Anticipating future object interaction has been explored in many recent works. Furnari et
al. [74] propose a method which relies on an object detector that exhaustively identi es a list
of objects to track in a small sliding window - they feed each tracking trajectory to a random
forest classi er to distinguish between 'active’ and 'passive' trajectories. Nagarajan et al. [75]
utilize pairs of inactive object images and videos of the corresponding objects in action, learning
a mapping between the two to learn 'interaction hotspots', or regions of likely activity. Xiao
et al. [76] tackle the same task, proposing a novel architecture that utilizes objects to determine
where actions are most likely to occur, and vice-versa.

In this work, we make a distinction with respect to these works as to the de nition of an
Active Object. Rather than refer to the object involved in the current action, we de ne an Active
Object as the object presently in contact with a hand. This low-level de nition of an Active

Object better captures the objects involved in a given interaction.

3.1.4 Video Representation

Typical works within action understanding involve two-stream architectures where the
input to the network is RGB video fed to the network in parallel with pre-computed frames
of optical ow [2,77]. These approaches have achieved success in tasks where appearance and
short-term motion is suf cient for the task at hand (i.e. action recognition) [2]. However, it has
been reported [2, 50, 63] that such methods do not transfer well to tasks such as action prediction
or action anticipation. We nd this understandable, as action anticipation requires reasoning

about complex semantic cues that go beyond appearance.
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Figure 3.2: Overview of our proposed approach. The input vided06frames is fed in sliding
window fashion with windows of sizé to the Anticipation Module. Anticipation module

consists of two networks: a) Th€ontact Anticipation Networkwhich outputsContact
Anticipation Maps (Map K)a representation which feeds iniig b) thext Active Obij:t Network
producing aNext Active Object (N.A.O.) Segmentatiothe  denotes addition; denotes
multiplication. Refer to Sections 3.2.2.2 and 3.2.2.3 for the architectural details. The Anticipation
Module 's output is in turn is fed into Ego-OMG, which in turn produces labels for action
anticipation and prediction.

Figure 3.3: lllustration of annotations added to a portion of the EPIC Kitchens dataset in
construction of our augmented dataset. The left and right columns contain added annotations
for the left and right hands, respectively. The middle column illustrates associated clip frames.
The annotations consist of segmentations of hands and Active and Next Active Objects. Pixels
belonging to (Next) Active Objects are assigned non-negative values relative to the time-of-
contact (T.O.C). Colors vary from white to blue based on remaining time to contact, with values
of 0 associated with both Next Active Objects and hands. Background pixels are colored black,
represented with values of -1.

Rather than simply represent the video as a stack of frames, it is desirable to capture
the long-term semantics underlying the video observation of the activity. Recent works have
proposed the enrichment of raw video features with graphs [64, 78—-80]. Typically graph nodes

represent detected objects, actors, or locations. Unlike other works that utilize an exhaustive

40






	Dedication
	Acknowledgements
	Table of Contents
	List of Tables
	List of Figures
	Introduction
	Motivation and scope
	Dissertation Contributions and Outline
	Chapter 2
	Chapter 3
	Chapter 4
	Chapter 5
	List of publications


	Visual Grounding In GCN For Zero-shot Learning Of Human Object Interaction Actions
	Related Work
	Graph Neural Networks
	GCNs For Zero-shot Action Recognition

	Method
	Architectural Overview
	Graph Convolution Network
	Training
	Testing
	Visual Grounding Using Grouping Of Actions
	Modifying Weights Via The Visual Adjacency Matrix

	Experiments
	Datasets
	Implementation Details
	Experimental details:

	Conclusion

	Forecasting Action Through Contact Representations From First Person Video
	Related Work
	Action Anticipation and Prediction
	Egocentric Cues
	Active Objects
	Video Representation

	Method
	Reaching Experiments
	Anticipation Module
	Ego-OMG

	Dataset Creation
	Datasets

	Experiments
	EPIC Kitchens Action Anticipation Challenge
	EPIC Kitchens Challenge Baselines
	Action Anticipation and Prediction
	Next Active Object
	Anticipation Module Ablations
	GCN Ablations

	Conclusion

	Diving Deep into the Motion Representation of Video-Text Models
	 Background and related work
	Benchmark
	Proposed method
	Problem setting
	Architecture setting
	Theoretical justification

	Implementation details of our method
	Problem Setting:
	Training
	Testing
	Experimental details

	Dataset
	Kinetics-400
	UCF-101
	HMDB-51 

	Results
	Temporal modeling
	Does fine-tuning cause overfitting?

	 Baselines
	Vanilla CLIP:
	XCLIP
	Text4Vision
	VifiCLIP

	Motion Description Generation
	GPT-4 generated motion descriptions quality control
	Dataset statistics

	Limitations
	Conclusion

	Generating images through Symbols representing concepts
	 Related work
	 Approach
	 Experiments and results
	Conclusion

	Conclusion and future work
	Bibliography
	Bibliography

