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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.



FROM PARTS TO WHOLE IN ACTION AND OBJECT UNDERSTANDING

by

Chinmaya Devaraj

Dissertation submitted to the Faculty of the Graduate School of the
University of Maryland, College Park in partial fulfillment
of the requirements for the degree of
Doctor of Philosophy
2024

Advisory Committee:
Professor Yiannis Aloimonos, Chair/Advisor
Dr. Cornelia Fermiiller, Co-Advisor
Professor Behtash Babadi
Professor Dinesh Manocha
Professor Nikhil Chopra, Dean’s representative.



© Copyright by
Chinmaya Devaraj
2024



Dedication

To past, present, and future scientists.

il



Acknowledgments

I sincerely thank my advisors, Prof. Yiannis Aloimonos and Dr. Cornelia Fermiiller.
Despite my non-computer science background, they offered me invaluable support during my
PhD journey. I feel indebted to Prof Yiannis Aloimonos, who gave me the complete freedom
to work on any research problems of interest. This paved the way for me to work on exciting
problems with graph convolutional networks and vision-language models. Despite innumerable
failures in research ideas during the initial part of my PhD, he supported me wholeheartedly and
gave me the utmost confidence to pursue challenging and novel research ideas. I am grateful
to my co-advisor, Dr Cornelia Fermiiller, who helped me develop critical thinking, writing, and
presentation skills through countless brainstorming sessions during our research meetings. She
has been my pillar of support for any unexpected results or challenges during the PhD. I could
not have asked for better advisors who have supported me during this journey.

At the same time, I would like to thank my dissertation committee members, Prof. Behtash
Babadi, Prof. Dinesh Manocha, and Prof. Nikhil Chopra, for their feedback, which helped
improve my dissertation.

I especially want to thank my co-authors, Chengxi Ye, Eadom Dessalene, Michael Maynord,
who played a pivotal role in my PhD journey. Chengxi has been there throughout my journey,
acting as a mentor whenever I needed another perspective. Eadom and Michael’s insightful

discussions on video understanding, zero-shot learning, and contrastive learning helped me explore

il



new frontiers and discover novel ways to solve problems. I would also like to thank my other
research peers, Matthew Evanusa, Peter Sutor, Chethan Mysore Parameshwara, Konstantinos
Zampogiannis, Aleksandrs Ecins, Nitin Sanket, Chahat Deep Singh, Snehesh Shrestha, Xiaomin
Lin, Anton Mitrokhin, Aman Virmani, Thilak Mohan, Rajeev Ranjan, Amit Kumar, Sayantan
Sarkar, who have shaped me to be a better researcher.

I am genuinely grateful to my colleagues Alberto Santamaria-Pang, James R. Kubricht,
Peter Tu, and Ashish Tawari during my GE Research and Honda Research Institute internships.
I am also grateful to the ECE department, ISR, and UMIACS staff, who have supported me
throughout this journey.

I would like to acknowledge financial support through the teaching assistantship from the
ECE department, Research assistantship from the National Science Foundation(NSF), Amazon,
and NSF Neuropac Fellowship.

I am beyond grateful to my mother, Chandrika, and father, Devaraj, who have supported
me during this journey and made countless sacrifices for me to come all the way. 1 am also
grateful to my friends Bhushan, Sushma, Madhu, Shankar, Gowri, Harsha, Manish, Pradhnya,
Kailash, Chinmay Nanal, Karthik Mohan, Nealofar, Abhinav Kannan, Akshat Shah, Sai Pavan
and Deepali Bhola for creating beautiful memories while I was staying in College Park. Your
love, care, and memorable times spent with me together made my PhD journey extremely smooth.

I would like to acknowledge other professors I have taken classes with during this PhD or
interacted with. Most importantly, I would like to acknowledge the support of Gurudev Sri Sri
Ravi Shankar, without whose inspiration I would not have been able to complete this PhD.

It is impossible to remember all, and I apologize to those I’ve inadvertently left out.

v



Table of Contents

Dedication ii
Acknowledgements iii
Table of Contents v
List of Tables viii
List of Figures X
Chapter 1:  Introduction
1.1 Motivation and SCOPE . . . . . . . . . .. e e e
1.2 Dissertation Contributions and Outline . . . . . . .. ... .. ... ....... 4
1.2.1 Chapter2 . . . . . . . . e e 4
1.22 Chapter3 . . . . . . . e 4
1.23 Chapter4 . . . . . . . e 5
1.24 ChapterS . . . . . . . . e 6
1.2.5 Listof publications . . . . .. .. ... ... ... ... .. .. ..., 7
Chapter 2:  Visual Grounding In GCN For Zero-shot Learning Of Human Object Interaction
Actions 9
2.1 RelatedWork . . . . . . . . . .. 11
2.1.1 Graph Neural Networks . . . . . .. ... ... ... ........... 11
2.1.2 GCNs For Zero-shot Action Recognition. . . . . .. .. ... ... ... 12
22 Method . . . . . . 14
2.2.1 Architectural Overview . . . . . . . .. ... 14
2.2.2  Graph Convolution Network . . . . .. ... ... ... .. ....... 14
223 Training . . . . . ... e 15
224 Testing . . . ... e e e e 16
2.2.5 Visual Grounding Using Grouping Of Actions . . . . . . ... ... ... 16
2.2.6  Modifying Weights Via The Visual Adjacency Matrix . . . . . . ... .. 19
2.3 EXPeriments . . . . . . . . o it e e e e e e e e e e e e e e e 22
23.1 Datasets . . . . ... e e e 22
2.3.2 Implementation Details . . . . . .. ... ... ... oL 24
2.3.3 Experimental details: . . . . . ... ... ... ... ... . ... 25
24 Conclusion . . . . ... 31



Chapter 3:  Forecasting Action Through Contact Representations From First Person Video 32

3.1 RelatedWork . . . . .. . . .. 38
3.1.1 Action Anticipation and Prediction . . . . . ... ... ... ... ... 38

3.1.2 EgocentricCues . . . . . . . . ... e 38

3.1.3 Active Objects . . . . . . ... e 39

3.1.4 Video Representation . . . . . . .. .. .. .. ... ... .. ..., 39

32 Method . . . . . . 41
3.2.1 Reaching Experiments . . . . . .. .. ... ... ... .. .. ..., 44

3.2.2 AnticipationModule . . ... ... Lo 45

323 Ego-OMG . . . . . . .. e 50

3.3 Dataset Creation . . . . . . . . . ..o e e e e 54
33.1 Datasets . . . .. .o e e e 54

34 Experiments . . . . . . . . ... e e e e e 57
3.4.1 EPIC Kitchens Action Anticipation Challenge . . . . . . ... ... ... 57

3.4.2 EPIC Kitchens Challenge Baselines . . . ... ... ........... 59

3.4.3 Action Anticipation and Prediction . . . . . . ... ... ... ... ... 60

344 NextActiveObject . . . . . . . . . . . . e 61

3.4.5 Anticipation Module Ablations . . . . . ... ..o, 66

346 GCNADlations . . . . . .. . . . e 67

3.5 Conclusion . . . . ... 68
Chapter 4:  Diving Deep into the Motion Representation of Video-Text Models 69
4.1 Background and related work . . . . .. ... oL oo 71
42 Benchmark . .. .. .. ... 72
43 Proposedmethod . . .. .. ... ... ... 73
43.1 Problemsetting . . . . . . ... 74
4.3.2 Architecture setting . . . . . . . ... Lo 74
4.3.3 Theoretical justification . . . . . . ... ... ... Lo 74

4.4 TImplementation details of our method . . . . . ... ... ... .. ....... 76
4.4.1 Problem Setting: . . . .. .. ... ... 76
442 Training . . . . ..o L e e e e e 76

443 Testing . . . . . .. e 77
444 Experimental details . . . .. .. ... ... ... ... .. ... 77

45 Dataset. . . . . . L e e e 77
45.1 Kinetics-400 . . ... 77

452 UCF-101 . . . .o 78

453 HMDB-51 . . . .. 78

4.6 Results. . . . . . L 78
4.6.1 Temporalmodeling . . . . .. ... ... ... .. ... .. ... ..., 80

4.6.2 Does fine-tuning cause overfitting? . . . . . . .. ... ... ... 80

477 Baselines . . . . . . .. e 81
477.1 VanillaCLIP: . . . . . .. .. e 81

4772 XCLIP. . . . . e 81

473 TextdVISion . . . . . . ..o e e 82
474 VIfiCLIP . . . . .. 82

Vi



4.8 Motion Description Generation . . . . . . . . . . ... ..o
4.8.1 GPT-4 generated motion descriptions quality control . . . . . ... ...
4.8.2 Dataset StatiStics . . . . . . . . Lo e e e e e

4.9 Limitations
4.10 Conclusion

Chapter 5:  Generating images through Symbols representing concepts
5.1 Relatedwork . . . . . . ...

5.2 Approach

5.3 Experimentsandresults . . . ... ... ... L o

5.4 Conclusion

Chapter 5:  Conclusion and future work

Bibliography

Bibliography

vii

95

98

98



2.1

2.2

2.3

24

2.5

2.6

3.1

32

33

34
3.5

3.6

4.1

4.2

List of Tables

Evaluation of classification accuracy for novel test classes on EPIC-Kitchens

Dataset. . . . . . . . e e 23
Evaluation of classification accuracy for 79 novel test classes on Charades Dataset.
We report mean average precisionmAP. . . . . ... oL 0oL L 24
Evaluation of classification accuracy for 39 novel test classes in ablation study on
Charades Dataset. ResultsareinmAP. . . . .. ... ... ... .. ....... 26
Evaluation of classification accuracy for novel test classes on EPIC-Kitchens
Dataset for different groupings of actions . . . . . . . . ... ... ... ... 27

Variation of classification accuracy on novel test classes on EPIC-kitchens dataset
for different “constant” parameter used in excitation and inhibition process. In the

table crefers to “constant™. . . . . . ... L. oL oL oL L 27
Variation of classification accuracy for 79 novel test classes on Charades dataset
for different 5 in equation 2.8 for GCNAV* setting. . . . . . . . . .. ... ... 28

Action anticipation results on the EPIC Kitchens test set for seen kitchens (S1)

and unseen kitchens (S2) during the EPIC Kitchens Action Anticipation Challenge.
Only published submissions are shown. . . . . . ... ... ... ........ 57
Action anticipation and action prediction accuracy results over validation set for

CSN stream, GCN stream and CSN + GCN stream over varying anticipation

times 7, seconds and varying observationrates p. . . . . . . .. ... ... ... 58
Evaluation of localizations produced by the Next Active Object predictions. Contact
Anticipation Maps are referred to as CAM inthetable. . . . . .. ... ... .. 62

Evaluation of classification accuracy with respect to the Next Active Object predictions. 63

Ablation experiments showing anticipation and prediction top-1 accuracy, performed
over Anticipation Module components. Ours refers to non-ablated implementation;
Joint collapses left vs. right hand distinctions; “AO Only” refers to “Active Object

Only”; “NAO Only” refers to ’Next Active ObjectOnly’. . . . . .. ... .. .. 67
Action anticipation accuracies over validation set with anticipation time 7, = 1
second, over GCN and GloVe embedding ablations. . . . . ... ... ...... 67
Evaluation of percentage accuracy in motion description retrieval task on UCF-
101 dataset. . . . . . . . .. e e 78
Evaluation of percentage accuracy in motion description retrieval task on HMDB-
Sldataset. . . . . . . . L e e 79



4.3

4.4

4.5

4.6

4.7

Evaluation of percentage accuracy in motion description retrieval task on UCF-

101 dataset. . . . . . . . . L 80
Evaluation of percentage accuracy in motion description retrieval task on HMDB-
Sldataset. . . . . . . .. e 80
Evaluation of percentage accuracy in motion description retrieval task on UCF-
10l dataset. . . . . . . . . . . e 81
Evaluation of percentage accuracy in motion description retrieval task on HMDB-
Sldataset. . . . . . . L e e 81
Statistics of motion description dataset . . . . . . .. ... ... L 83

X



1.1

2.1

2.2
3.1

32

33

List of Figures

Image generated from Adobe Firefly from the prompt person sitting on a chair
eating a banana in frontof thehouse. . . . . . . ... ... ... 0oL, 2

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 (Methodl) described in sections 2.2.5 and
2.2.6,respectively. . ... L 13
Learning the transformation from Ajqnguage 10 Avisuar -« « « o o o o oL 20

[lustration of representations involved in the Anticipation Module ® where 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 objectsincontact). . . . . . . ... ... L. 32
Overview of our proposed approach. The input video of 900 frames is fed in
sliding window fashion with windows of size 8 to the Anticipation Module.
Anticipation module ® consists of two networks: a) The Contact Anticipation
Network, which outputs Contact Anticipation Maps (Map K), a representation
which feeds into b) the Next Active Object Network, producing a Next Active
Object (N.A.O.) Segmentation. The @ denotes addition; (X) 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. . . . . . ... ... ... 40
[llustration 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 valuesof -1. . . . . . . . .. .. ... ..o . 40



34

3.5

3.6

3.7

4.1

4.2

Overview of Ego-OMG’s architecture. Ego-OMG consists of two streams: 1)
The top stream consists of the extraction of a discretized sequence of states
from an unconstrained egocentric video clip x of 900 frames using the Contact
Anticipation Network ®. The nodes predicted by ¢ are embedded through GCN
layers and then fed to an LSTM. This is then followed by a 1-layer MLP W, to
generate softmax scores for the anticipated future action. 2) The second stream
generates softmax scores for the anticipated future action through feeding a short
history (the last 32 frames of x) of video to a CSN model. A 1-layer MLP
W} processes the concatenated L2-normalized softmax scores to perform action
anticipation and prediction. . . . . . .. ... Lo o
Jeannerod put forth the hypothesis that velocity profiles of reaching actions follow
a well formed bell-shaped distribution [1]. We sample multiple hand trajectories
involved in reaching motions in a lab setting using a Vicon motion tracking
system. The three curves represent the velocity profiles of three separate trajectory
distances at table positions A, B and C. Solid lines indicate mean velocity values
across multiple runs; the upper and lower bounds of the shaded regions lie one
standard deviation fromthe mean. . . . . . . ... ... ..o,
Our interfaces for collection of annotations over the Amazon Mechanical Turk
platform, where (a) is the interface for the collection of the body/contacted objects,
and (b) is the interface for the collection of the Next Active Object annotations.
In (a), workers are instructed to annotate all instances of hands and objects in
contact by selecting the appropriate label in the right panel and tracing the body
of the hand or object involved. In (b), workers are instructed to first view the full
video of the point to point hand movement, as the Next Active Object annotation
relies on information only available in the future. They then select the side(s)
involved in the reaching movement in the right panel and trace the body of the
objectinvolved. . . . . . . . . ..
The Anticipation Module outputs Contact Anticipation Maps (second column)
and Next Active Object segmentations (third column). The Contact Anticipation
Maps contain continuous values of estimated time-to-contact between hands and
the rest of the scene (visualizations varying between red for short anticipated
time-to-contact, and blue for long anticipated time-to-contact). The predicted
Next Active Object segmentations contain the object of anticipated near-future
contact, shown in blue in the third column. Predictions are shown over the EPIC
Kitchens and the EGTEA Gaze+ datasets. . . . . . ... ... ..........

Example captions from ActivityNet, MSR-VTT, and our own GPT-4 generated
fine-grained motion description for Kinetics-400 classes. Our generated motion
descriptions solely describe the motion of the action, whereas other datasets
typically use verbs to describe the scene. . . . . . . .. ... ... ... ...
Schematic representation of the generation of motion descriptions in existing
actiondatasets. . . . . ... ... L L

X1

56



4.3

5.1

5.2

53

54

5.5

Schematic representation of our approach encoding motion description in
video-text model pipeline: We integrate motion information as classifier weight
in a supervised training paradigm. We finetune the image encoder to integrate the
motion information while classifying videos in the kinetics400 dataset. . . . . . 73

Architecture diagram of Symbolic Variational Autoencoders (SVAEs). Input

is an image of a “red table” and the Sender LSTM outputs a sentence which
serves as a symbolic expression of “red table”. The Receiver LSTM is able to
directly reconstruct the image from the symbols rather than a continuous latent
TEPresentation. . . . . . . . . . . e e e e e e e e e e e e 86
The top row indicates the input image fed to the autoencoder. The middle row
indicates the image reconstructed from SVAE with a vocabulary size of 10 and
sentence length of 2. Symbols for each of the reconstructed images are displayed
inthebottomrow. . . . . . ... L e 91
Image reconstructions using vocabulary size of 100 (left) vs. a vocabulary size of

20 (right). Note that reconstructions show much finer detail 6 when more symbols
areused toencode images. . . . . . . ... Lo 92
Reconstructions of Fashion-MNIST. Reconstructed images change when we hold

the first symbol constant and manipulate the second and third symbol only. Each

row and column represents a different second and third symbol, respectively.
SVAE was trained on Fashion-MNIST with with vocabulary size of 20 and sentence
lengthof 3 . . . . . . . o L 93
Reconstructions of MNIST. Reconstructed images change when we hold the first
symbol constant and manipulate the second and third symbol only. Each row and
column represents a different second and third symbol, respectively. SVAE was
trained on MNIST with vocabulary size of 20 and sentence lengthof 3 . . . . . . 94

Xii



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, figure 1.1
shows the image generated using Adobe Firefly. Here, in figure 1.1, the constituents of the image
are given by the prompt. In figure 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 classifiers 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 classifies 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.



Figure 1.1: Image generated from Adobe Firefly 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 flow, as in [2-5]. Recent approaches [6—8] further improve spatial temporal learning.
While these are great approaches for action classification, 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 classifiers.

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
final problem. This could involve learning the next active object being interacted with, tracking
hands, or segmenting the next active object to solve the final problem of predicting future action.
Another approach is using these constituent of actions as supervisory signals to perform the final

task better. In this dissertation, we show work in both approaches.



1.2 Dissertation Contributions and Outline

I briefly 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 fixed 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 first-
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 fine-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
question: 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 fine-grained motion information
in existing datasets and demonstrate the effectiveness of the proposed pipeline in understanding

fine-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 (GANs), 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 efficacy 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 final 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 simplified 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 fill 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 fixed.



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 first method, we modify the input language graph by changing the weights of
the edges to reflect the visual semantics of the visual graph. Specifically, we modify the language
adjacency matrix by adjusting its weights according to the weights from the vision graph. We
use two different concepts to define shared concepts to group actions. We call these processes
inhibitory and excitatory feedback for message passing in graph convolutions. We experimentally
demonstrate that the modification 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 first 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 classification 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 fixed. 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 benefit 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 define 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 classification 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 be S, and the number of test classes be U.

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 graph G with N nodes. Let its adjacency matrix be A of dimension N x N.

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

Hyy = f(A x Hy x W) @2.1)

In equation 2.1 , H;; is the GCN output matrix at level [ + 1 of dimension N x k , and
Hj is the input feature matrix at level [ of dimension N x d. W, is the GCN weight matrix of

dimension d x k that we are learning. Here £ is the output feature dimension. A is the adjacency
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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 of A the modified propagation rule is given by equation 2.2.

Hi=f(D7' x Ax H x 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] classifier using the videos
of action categories in the training set. We then utilize the final classifier layer weights of the 13d
classifier to train the GCN. Let us denote Wqssifier Of dimension S x k as the final classifier
layer weight.

During training, the predicted embeddings W), cgirqin Of the training nodes of the output
vision graph are matched with the 13d classifier weights Wj,ssirier Obtained earlier in the pre-
processing step. We ensure that the node representing say for example “put ” action class is
matched with the 13d classifier layer weight representing the “put” action class. Here W,cgtrqin Of
dimension S x k represents the visual embeddings of the training nodes of the graph. Specifically

loss,

loss :| |Wpredtrain - classifie7"| |2 (23)

is minimized between the predicted weights and the trained 13d classifier weights.
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2.2.4 Testing

At test time, given a test video, the 13d features f;.,; of dimension k are extracted. fios:
is compared against all the nodes of the output GCN representing testing classes to obtain the
action category of the video. Let W, cqics: Of dimension U x k represent the visual embeddings
of U number of test class nodes. Using the symbol 7 to denote transpose of a matrix, i.e., fL,

the predicted class Y is derived from equation 2.4

Y = softmax(Wyredtest * f t];st) (24)

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 defining an ontology of actions [39]. In our case, we define 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 Defining 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 first

kind.

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

* Increase in size: open, stretch

* Add (to the scene): put, pour, insert, fill, add, apply, spray.

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

» Separate: Cut, break, peel, divide.

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

* 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 classifiers 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 specific 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. Let A;4;,4u44e represent the adjacency matrix obtained from
word embeddings. Ajq,guage(i, j] represents the edge features between nodes 7 and j. If nodes i
and j belong to the same group of actions, they are expected to be visually more coherent. Thus,
we intend to excite the edges when nodes ¢ and j 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 nodes ¢ and j 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 modified adjacency matrix after this weight
adjustment process as A oundaing. We set the mean of the row normalized language Adjacency
matrix Ajqnguage as 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 significant 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 obtain Ay, ounaing by modifying the original adjacency matrix A;qpguages W€ USE
Agrounding for graph propagation in equation 2.2. Equation 2.5 describes the process of graph
propagation.

Hl+1 = f(Dil X Agrounding x Hy X I/Vl) (25)

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 efficient in terms of ease of implementation and it
incorporates the visual domain knowledge in the input adjacency matrix. Once the adjacency
matrix Ajgnguage 15 modified 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 classifier 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 matrix A,;suq- If we utilize only

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

Hl+1 = f(D_l X Avisual X Hy X VVl) (26)
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However A,;suq 18 not available at training time. To obtain A, at testing time we learn
a transformer function F' 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) - Am’sual- (27)

2.2.6.1 Learning Transformer Function F'

Consider a language adjacency matrix Ajqnguage With N nodes of dimension N x N. The

total number of classes in the dataset would also be equal to N. Let there be S training classes
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and U test classes in the dataset. We are interested in estimating a visual adjacency matrix A ;s
with N nodes of dimension N X N. Aj4;,guqge can be easily obtained for all the N classes from its
word embeddings. However, for obtaining A,;s,. we only have with us S 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
function F'.

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 first S rows of the adjacency matrix
represent that of training classes and the next U rows represent that of test classes. Similarly,
the first S' columns represent that of training classes and the next U columns represent that of
test classes. Figure 2.2 illustrates this rearrangement. Submatrix 1 of A;q;gu40e cONtains the
cosine similarities between the S training classes of Ajqnguage. Submatrix 2 contains the cosine
similarities between S training classes and U test classes of Ajqguqge. Submatrix 3 contains the
cosine similarities between U testing classes and S training classes of Ajgnguage. Submatrix 4
contains the cosine similarities between the U test classes of A4 guqge. Submatrices 1',2", 3, 4/
similarly are rearranged for A,;s..;. Submatrix 1" is available at training and our goal is to obtain
submatrices 2, 3, 4/

To obtain 2/, we train S number of regression models one for each row of 2/, utilizing one
row each of 1 and 1’ as training data such that F'(1) = 1’. 3 is obtained as the transpose of 2’ due
to symmetry. 4’ is obtained by a regression model that is trained on the entire submatrices 1 and
1" such that F'(1) = 1’. Each of these regression models consists of a two-layered fully connected
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layer neural network having 10 nodes in each layer having relu activation layers and solved using
the LFBGS solver.

Once A,;suq 1 Obtained, we could use it instead of the language matrix. However, there are
advantages for using both A;suq and Ajgpguage for the sake of making the model robust. There are
various ways of utilizing both A;s,q and Ajgpguege. Ma et al. [42] developed a multi-dimensional
GCN where Ayisuq and Ajgnguage can be two channels of a larger A matrix. However, for the sake
of simplicity, we use a single-dimensional GCN and propose a new modified GCN propagation

rule in equation 2.8 which includes both A,;s,4; and Ajqpguage-

Hl+1 = f(D_l X (Alanguage + B X Avisual) X Hl X VVI) (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 the EPIC-Kitchens-55 dataset [43] and the Charades
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-55 is 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.

Charades is 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 significant 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 classification 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 classification 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 classifiers 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 finetuned the
last layer of the 13d classifier for the EPIC-Kitchens dataset. For the Charades dataset, the 13d
model classifier was trained end to end and we followed the insights from [28] to obtain the 13d
classifier weights.

The trained 13d classifier 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 classifier weights.

Empirically, we found that having two layers in the GCN gave better results than deeper GCNs.
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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 classifier 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 modification 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 significant 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 nearly has 10% improvements
over previous zero-shot action recognition methods. We further report experiments of using
the estimated A,;s, adjacency matrix on the test splits of the Charades dataset in table 2.2.
GCNAV* represents GCN using Ajqnguage and estimated A,;z,q. GCNAV represents GCN
using Agrounding alongside estimated A,;s,q;. Using the visual adjacency matrix on top of Ay, ounding

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

the Avisual~
Method Charades (40-39 split)
GCN — L 12.92
GCN — Vigear 15.60
GCN — Vigew L 17.28
GCN - ‘/estimated 12.06
GCN — Vi, simateals 13.46

Table 2.3: Evaluation of classification accuracy for 39 novel test classes in ablation study on
Charades Dataset. Results are in mAP.
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Method | Set1 | Set2 | Set3
GCN-1 | 17.21 | 16.78 | 16.79
GCNIE | 1648 | 16.94 | 16.3

GCNE | 18.72 | 19.62 | 18.61

Table 2.4: Evaluation of classification 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 classification 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 How to set the “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 A;q;,4uqgc 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 of Ajypguage results in less accuracy improvements for GCN-E. For this experiment
the mean of Aj;q,guage Was 0.02. For GCN-I however a value slightly lower than the mean of
Alanguage Tesults 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

27



£ =0.01|8=0.02
Test Acc 19.19 18.97

Table 2.6: Variation of classification accuracy for 79 novel test classes on Charades dataset for
different 3 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.

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

Separate.

e 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 constructed a 79 x 79 dimensional language adjacency matrix
Alanguage and computed the test accuracy for 39 classes.

2. GCN — Vigeq: 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 A,;suq. 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 I3d class weights and constructed A,;s,,;. 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 matrix A,;sya
and the formulation in equation 2.6. We used 40 training classes and 39 test classes to learn
Avisuar- We set up a transformer network, as described in subsection 2.2.6.1 to obtain F'. From F
we obtained the visual adjacency matrix A,;.,.;. We used the visual adjacency matrix A,;suq; in
equation 2.6 to obtain the zero-shot action test accuracy for 39 classes.

4. GCN — Vigeq L: This is a GCN that uses both the ideal visual adjacency matrix A, and
the original language adjacency matrix A;q;guage - We used equation 2.8 to obtain the zero-shot
action test accuracy for 39 classes. (3 in equation 2.8 was set to 0.2

5. GCN — VestimatedL: This is a GCN that uses only an estimated visual adjacency matrix
Apisuar and Ay;suq language adjacency matrix Ajgpnguage- We used 40 training classes and 39 test
classes. We set up the transformer network described in subsection 2.2.6.1 to obtain F'. From F'
we obtained the visual adjacency matrix A,;..;. We used the visual adjacency matrix in equation

2.8 to obtain the test accuracy for 39 classes. (5 used 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. From GC'N — V_yimateq L Tesults in table
2.3, we can see that using the estimated visual adjacency matrix A,;s,; has a lot of value on its
own and performs as well as using it instead of A;,,guege. Experiments on GON — Vjgeq L were
conducted to find the upper limit of test accuracy using A,;suq;- The experiments show that just
the idea of using A,;s.q 1S beneficial 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
Ayisuas Using the transformer function F'. Training the transformer function F' is hard as we have
limited data points for training and it is a complex function to learn. Learning a better F' depends
on accuracy of Arunguagetrain A0 Ayisuaitrain. 1f 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 5 We performed experiments to determine sensitivity of parameter
in equation 2.8. Table 2.6 reports experiments for different parameters of 3 in Equation 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. Specifically, 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 matrix. GCN —V uses the estimated visual adjacency matrix A,;s,.; from the attacked
adjacency matrix along with the attacked adjacency matrix. GCN — 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 modified only
once, training is simple. The second method introduces modifications 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

quantitative 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 fluid 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].

Contact Anticipation Maps

Next Active Objet Segmentation

Figure 3.1: Illustration of representations involved in the Anticipation Module ® where 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 first 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
defining characteristic. Possible benefits 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 define two classes of object, aligning with two different times of interest: the present,
and the near future. Previous works [51] have defined an Active Object as an object currently
involved in a given interaction. In this work, we define the Active Object of a hand as the object
presently in contact with the hand, and we define the Next Active Object as 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 contact. The Anticipation

Module contains two networks: the Contact Anticipation Network, and the Next Active Object
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Network. The Contact Anticipation Network produces a representation termed the Contact Anticipation
Map, and the Next Active Object Network produces a Next Active Object Segmentation. See
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 profiles 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 performance
of object detectors, hand trackers, the category of the object being acted upon, or classification
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 for where in the scene the Next Active
Object will be, and when contact 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 specific localization over which object classification 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-OMGQG) [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
flow 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 Ego-OMG consists of two streams. The first 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 - Ego-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 significant 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 identifies a list
of objects to track in a small sliding window - they feed each tracking trajectory to a random
forest classifier 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 definition of an
Active Object. Rather than refer to the object involved in the current action, we define an Active
Object as the object presently in contact with a hand. This low-level definition 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 flow [2,77]. These approaches have achieved success in tasks where appearance and
short-term motion is sufficient 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 find 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 video of 900 frames is fed in sliding
window fashion with windows of size 8 to the Anticipation Module. Anticipation module
® consists of two networks: a) The Contact Anticipation Network, which outputs Contact
Anticipation Maps (Map K), a representation which feeds into b) the Next Active Object Network,
producing a Next Active Object (N.A.O.) Segmentation. The € denotes addition; Q) 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.

GT (Left) GT (Right)

Figure 3.3: Illustration 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
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Figure 3.4: Overview of Ego-OMG’s architecture. Ego-OMG consists of two streams: 1) The
top stream consists of the extraction of a discretized sequence of states from an unconstrained
egocentric video clip x of 900 frames using the Contact Anticipation Network ®. The nodes
predicted by ® are embedded through GCN layers and then fed to an LSTM. This is then followed
by a 1-layer MLP W, to generate softmax scores for the anticipated future action. 2) The second
stream generates softmax scores for the anticipated future action through feeding a short history
(the last 32 frames of x) of video to a CSN model. A 1-layer MLP W processes the concatenated
L2-normalized softmax scores to perform action anticipation and prediction.

list of entities, by restricting ourselves to the modelling of objects either currently or expected
to be in contact with the hands, we are able to rule out background’ objects that play no role
in the actions involved, effectively using the hands as an attention mechanism. Furthermore,
by aggregating contact based representations over larger timespans, we are able to model longer
term structure of activity, whereas other approaches [58,59,81] are centered on visual appearance

and short term dynamics on the order of 1 — 2 seconds.

3.2 Method

In this section we introduce our method for action understanding. Through contact and
activity modeling our approach seeks to anticipate partially observed and/or near-future action.

The structure of our approach is shown in Figure 3.2. Input video is fed first into the Anticipation
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Module - which we denote ¢ - from whose output we produce symbolic state representations to
be fed through Ego-OMG, which in turn anticipates partially observed and/or near-future action.

For the task of action anticipation, the observation of the video segment spans a range
preceding the action start time 7, by observation duration t,, and ends ¢, seconds before 7,
where t, is the anticipation offset. In other words, input clips span from time 7, — (¢, + ¢,)
seconds to end time 7, — t, seconds. For the task of action prediction, input clips span from time
Ts+p(Tf —Ts) —t, to T+ p(7f — 75 ), Where 7y is the end time of the action and p is the observable
proportion of the clip containing the action to be predicted.

For our focus on hand-object contact in action modeling we devote the Anticipation Module.
The Anticipation Module produces pixel-wise mappings of anticipated hand-object contact over
the input. These mappings are divided into two types: Contact Anticipation Maps and Next
Active Object Segmentations. The Contact Anticipation Network produces Contact Anticipation
Maps, and is described in Section 3.2.2.2. The Next Active Object Network relies upon Contact
Anticipation Maps for segmentation, producing Next Active Object Segmentations, and is described
in Section 3.2.2.3. One advantage the Anticipation Module provides is that its mappings range
over the near future action, and are not constrained to fixed anticipation time offsets as in several
alternative action anticipation approaches [58, 82].

Training the Anticipation Module requires annotations for contact and localization of (next)
active objects. To this end we augment the standard video data - in this work EPIC Kitchens -
with temporal and segmentation information pertaining to contact. This process is described in
Section 3.2.2.1.

We apply a Faster-RCNN [83] classifier over the maps produced by the Anticipation Module
to produce symbolic states. These symbolic states capture characteristics of and relations between
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hands and objects in a compact representation. Symbolic state representations allow for easy use,
and representation of state relations.

For our focus on temporal relational structure we devote Ego-OMG. Ego-OMG represents
relations between action states across multiple time ranges, and uses these relations in contextualizing
the present moment, and in projecting to near future action.

A natural formalism for representing temporal relations is a graph. We employ a graph
in Ego-OMG to represent action state relations, and embed graph nodes into Euclidean space
through use of word embeddings and a Graph Convolutional Network. Details of this process are
described in Section 3.2.3.

The remainder of Ego-OMG is as follows, and covered in detail in 3.2.3. The sequence
of states derived from the input is represented through the dynamics of an LSTM applied over
embedded state representations. This LSTM allows projection into the near future. Finally, the
anticipated action produced by this LSTM is joined by visual and short term dynamic information
produced by a conventional 3D CNN. This component of Ego-OMG is swappable with alternative
action understanding methods, making Ego-OMG complementary to many existing action understanding

frameworks.

43



Velocity (m/s)

0.0 0.2 04 06 08 1.0

Time (s)

Figure 3.5: Jeannerod put forth the hypothesis that velocity profiles of reaching actions follow
a well formed bell-shaped distribution [1]. We sample multiple hand trajectories involved in
reaching motions in a lab setting using a Vicon motion tracking system. The three curves
represent the velocity profiles of three separate trajectory distances at table positions A, B and C.
Solid lines indicate mean velocity values across multiple runs; the upper and lower bounds of the
shaded regions lie one standard deviation from the mean.

3.2.1 Reaching Experiments

To illustrate the velocity profile of reaching in hand manipulation actions we gathered
position information through a Vicon motion capture system of simple reaching actions. The
Vicon system gives sub-millimeter precision 3-dimensional positional information of tracked
objects. Figure 3.5 illustrates a typical velocity profile of a reaching action. Our observations

of velocity profiles are consistent with Jeannerod’s hypothesis [1].
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3.2.2 Anticipation Module

In Section 3.2.2.1 we describe the methods behind the collection of our dataset used for
training the Anticipation Module, where the dataset consists of clips carefully selected from the
EPIC Kitchens dataset. In Section 3.2.2.2 we introduce the Contact Anticipation Network and
in Section 3.2.2.3 the Next Active Object Network, the two components that together form the

Anticipation Module.

3.2.2.1 Dataset

We collect our dataset by organizing clips that correspond to point-to-point hand movements,
where the hand involved and the Next Active Object are visible. The temporal boundaries of each
clip are set such that clips begin when both the Next Active Object and the hand(s) targeting the
object are visible, and end when the hand makes contact with the Next Active Object. As such,
the lengths of the collected clips vary in the temporal dimension.

Rather than uniformly sample clips across all actions, we instead narrow our dataset to
hand movement driven actions (i.e. take, move, cut, open) in the EPIC Kitchens dataset, as these
actions each contain meaningful transitions in object status and encode the hand intentionality
we wish to capture, making for a total of 2.1K randomly sampled clips with 252 unique object
categories.

We croudsource our annotations on Amazon Mechanical Turk, asking workers to, for every
4 frames of a given clip, a) select the hand(s) involved in the given action and trace the Next
Active Object, producing Next Active Object Segmentation masks {W;, ..}, and b) trace the left

and right hands of the person and the objects held by each hand, creating contact segmentation
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masks {I';,T",}. We generate dense supervision of video using the forward and inverse warping
of optical flow obtained from TVL1 [84], projecting the annotations between annotated frames.
That is, for flow displacements uy,, , Uy, € Ff 1 and ugy,, vy, € F},;, values from each location
(z,y) in the segmentation masks are copied to pixel locations (z + 1 (tgy, + Usy, ), Y + 5(Vay, +
Ugy, ) ), for warped subsequent frames, for flow frames F.

To generate the Contact Anticipation Map supervision training signal C, for an annotated
frame taken at time 7, ¢, seconds away from the time-of-contact, we retrospectively assign each
pixel belonging to the annotated Next Active Object the value of Z.. Pixels corresponding to the
body of the person or objects held in the hand at time 7 are assigned self-contact values of 0.
All background pixels are populated with values of —1 and are not directly used during training.
Figure 3.3 provides an illustration of this process.

To generate the Next Active Object binary segmentation masks A, we simply assign pixels
belonging to the near-future contacted object values of 1, and assign values of 0 to all other pixels.

The Contact Anticipation Maps and the Next Active Object Segmentations each consist of
two separate pixel-level channels C' = {C,,C;} and ¥ = {W,, ¥} respectively, for the right
and left hands. In clips involving bi-manual manipulation, the Contact Anticipation Maps for
the channels of each hand differ due to the different timings underlying the movement of each

hand. However, the Next Active Object masks are shared between the channels of each hand, or
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3.2.2.2 Contact Anticipation Network

The Contact Anticipation Map predictions require the modelling of short-term dynamics
for capturing the underlying hand trajectory and the localization of boundaries pertaining to hands
and objects in contact. To capture both, we devise a custom two-stream architecture: One stream
consisting of 3D Convolutions applied over the input video for modelling short-term dynamics,
and another consisting of a U-Net stream applied over a single frame belonging to the end of
the observation for capturing more precise hand segmentations. See ® in Figure 3.2 for an
illustration.

The Contact Anticipation Network (see ¢ part a in Figure 3.2) takes a stack of 8 sequential
RGB frames and outputs four channels: Two pixel-level regression outputs { D;, D, } corresponding
to the estimated remaining time-to-contact for each pixel in the image, and two soft segmentation
maps. We threshold the soft segmentation maps to arrive at binary segmentation masks {fl, IA“,.}
containing pixel-level segmentation masks of hands and objects in contact with the hand. The
two output channels in both cases are for the predictions separately designated for the left and
right hand, respectively, each of size (128, 228).

The 3D Convolutional stream is a standard 3D ResNet50 architecture, where the backbone
network from [2] is utilized. It consists of 5 successive 3D Convolutional layers, where the first
and third layers are followed by 3D Max Pooling operations. The UNet stream is composed of
the exact architecture proposed in [85], where a contractive path (two 2D Convolutions followed
by a 2D Max Pooling operation) is followed by the expansive path (2D Transposed Convolution
layers followed by 2D Convolutions). The network is trained using ADAM with a learning rate

of 0.0001 and a decay of 5e—6. We apply ResNet-style normalization, and augment the input
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RGB video with standard crops, flips, and color jitters.

There are two loss components used in training the Contact Anticipation Network. The
first component, Ly 4, is the pixel-wise mean average error between predictions {D;, D, } and
ground truth {C;, C,.}, only over pixel locations (x,y) where C;,, > 0 and C,,, > 0. In other
words, this loss component is only computed over pixels belonging to the Next Active Object;
other pixels do not have time-to-contact annotations, and so they are ignored. The second
component, Lpcg, 1s the binary cross entropy loss between the predicted soft segmentation
maps and contact segmentation masks {I';, ', }. The loss used to train the system is as follows:
L = Lgcg + 7Ly ag, where v = 0.2.

We predict pixels of contact {fl, IA“,,} where fsw = 1 for hand side s € ([,r) if pixel
location (x,y) corresponds to a hand or object in contact and fszy = 0 otherwise. To arrive at
the Contact Anticipation Maps, we superimpose the predicted pixels of contact {fl, fr} over the
regressed time maps {D,, D, }, for each hand side, to arrive at Contact Anticipation Maps C, as
follows:

0 ifl, =1

~ zy

Dy, ifl,, =0

L Drmj Tey

The final Contact Anticipation Maps {C‘l, C‘T} are fine-grained distributions of non-negative

continuous values for each pixel that represents the estimated time of contact. Each of the
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channels associated with the left and right hand are of size (128, 228).

3.2.2.3 Next Active Object Network

As illustrated in ® part b of Figure 3.2, the 8 frame RGB video and 8 frame Contact
Anticipation Map history are fed in parallel through 3D Convolutions, after which a summation
over the stream is performed. Additionally, the final frame of the 8-frame input is fed into
a U-Net architecture in order to capture more precise object segmentations. Next, a pixel-
wise multiplication between the resultant feature map from the 3D Convolutional streams and
the output of the U-Net model is performed. The result of this multiplication is fed through
sigmoid activation units, producing soft segmentation maps for the right and left hands, which
are binarized using a threshold of 0.15 to arrive at {¥,, ¥, }.

Each of the two 3D Convolutional streams have architectures identical to those used in the
3D Convolutional stream in 3.2.2.2. Likewise, the U-Net stream is identical to that of 3.2.2.2.
The final output of the combined streams is of size (128,228). The network is trained using
ADAM with a learning rate of 0.0001 and a decay of be—6. We utilize a weighted binary cross
entropy loss function between ground truth {¥;, ¥, }, and predictions {¥;, ¥,} with a weight
value of 2.0 chosen to overcome the foreground/background class imbalance in the ground truth
Next Active Object masks of the collected dataset.

To avoid overfitting on the Contact Anticipation Map stream, multiplicative Gaussian Noise
sampled independently over each pixel is applied over the output of the Contact Anticipation
Map stream, adding C; ® Z; where Z; = N (i, 0?), where © is the element-wise Hadamard

product. This augmentation captures the inherent ambiguity of anticipating contact; there is little
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ambiguity in predicting the time values of pixels belonging to hands or contacted objects due to
their proximity (by definition having time-to-contact of 0), while there is increasing ambiguity in
predicting time-to-contact for objects the further from the hands they are. We apply ResNet-style

normalization, and augment the input RGB video with standard crops, flips, and color jitters.

3.2.3 Ego-OMG

As illustrated in Figure 3.4, we feed input video x into the Anticipation Module ®, whose
purpose is to predict and anticipate hand object contacts. Current predicted and future anticipated
contact is represented through a 4 channel output, consisting of two contact segmentation masks
{f’tT, ftl} produced by the Contact Anticipation network and two object segmentation masks
{‘ijtw \iftl} produced by the Next Active Object network, where \iftr and \iftl denote the predictions
of the Next Active Object, and ftr and ftl denote the objects detected to be presently in contact
with the hand, both for the right and left hands respectively. We classify each segmentation
frame with a pre-trained Faster-RCNN [83] model, arriving at predicted object classes o; =
{1, Y1, ., 7, - We note that for the purposes of this work we predict up to 1 object each for
Y, Yy, Yi,» and y;,. This limitation prevents us from modelling scenarios where multiple objects
are held by the same hand for tasks requiring dexterous manipulation.

In practice, while the Contact Anticipation Network succeeds at localizing contacted objects,
the classifier tends to mis-classify currently held objects due to the severe occlusion imposed by
the hand, especially for small objects like scissors and utensils. Therefore, in building the graph
we impose the constraint that every object currently contacted by each hand must have been

anticipated at some previous instance in time, before the presence of occlusion. In classifying
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the objects currently in contact with the hand, we take the intersection of top-5 object class
predictions for that object with the object classes previously predicted in anticipation over the
past 100 frames (7 seconds).

In this section we define Ego-OMG, a two-stream architecture dependent on a novel graph
representation GG that consists of a structured sequence of high-level states extracted from videos
belonging to the EPIC Kitchens dataset. The graph G contains two types of nodes: 1) nodes
spanning current contact and forecasted contact of hands and objects, which are produced by the
anticipation module in (ref), and 2) nodes corresponding to action labels in the EPIC Kitchens
dataset. The graph GG consists of edges connecting state-to-state transitions and state-to-action
co-occurence.

Section 3.2.3.1 details the two-streams of Ego-OMG: the first modeling temporal relations
and context, and the second modelling visual appearance and short-term dynamics through use of
a 3D CNN. Section 3.2.3.2 explains the construction of the graph of Ego-OMG used in producing

structured video representations.

3.2.3.1 Joint Architecture

The architecture of Ego-OMG is shown in Figure 3.4. Input consists of a single clip
spanning 30 seconds - or 900 frames. The output consists of a logit layer predicting the class
of the action 7, seconds after the end of the observation. The architecture is comprised of two
streams: One modeling the appearance and short term dynamics of the last few seconds of the
clip; the other modeling hand dynamics and long-term semantic temporal relations.

In the first stream, we model appearance and short-term dynamics with a Channel-Separated
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Convolutional Network (CSN), a 3D CNN factorizing 3D convolutions in channel and space-time
in similar fashion to Xception-Net [86] which factorizes 2D convolutions in channel and space.
The weights are pre-trained on the largescale IG-65M video dataset [87]. The network takes as
input 32 frames of size 256 x 256. We apply horizontal flipping, color jittering and random crops
during training, with centered crops during testing. The model is trained using SGD with a batch
size of 16, a learning rate of 2.5 x 10~3 and a momentum of 0.9.

In the second stream we model dynamics of interactions between hands and objects, as
well as longer term temporal semantic relations between the actions of the activity. We capture
this structure in the form of a graph, described in detail in Section 3.2.3.2. After computing
the graph, we feed it through two graph convolution layers of hidden layer size 256 and 128
respectively. Note our application of the GCN is transductive; it is applied on a single, fixed
graph consisting of all nodes seen during train and test time beforehand. We feed the sequence
of node embeddings obtained by the GCN into an LSTM [88]. At test time, we convert an input
video of 900 frames to a sequence of states and from each state’s respective node embedding g,
for n € N, we aggregate the state history with a 1-layer LSTM. From the LSTM’s final hidden
state hy, we apply a 1-layer MLP W, to classify the next most likely action. The LSTM carries
hidden states of size 128. A batch size of 16 and a learning rate of 7 x 107 is used with ADAM
optimizer and a cross entropy loss function. Training achieves fast convergence, reaching peak
top-1 action anticipation and action prediction accuracy after 5 epochs or roughly 0.25 hours of
training on a NVIDIA GeForce GTX 1080 GPU.

We concatenate the L2-normalized softmax scores from each respective stream, freezing
the two sub-networks while training a 1-layer MLP W, with a batch size of 16 and learning

rate of 0.01 on top of the joint softmax scores to classify the next most likely action. We find a
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late fusion approach provides slight benefits in practice as opposed to an early fusion of the two
streams, likely due to the different learning dynamics of the individual streams. Inference times

are dominated by the CSN model.

3.2.3.2 Graph Construction

We have a set of K training videos. To detect the objects involved in interaction, which
are needed to build the graph, we utilize both sub-components of the Anticipation Model ®,
described in subsections 3.2.2.2 and 3.2.2.3. The Anticipation Module @ iterates over each video
using a sliding window with an 16-frame width, sampling every 2 consecutive frames with a stride
of 2. Feeding each of 4 output channels of ® to the object classifier then produces detections
O; = {o01,09, ..., 01, /2} for video ¢, where T; is the frame count of video ¢. From the per-frame
predictions of the object classes o;, we suppress consecutive duplicate predictions arriving at
non-consecutively repeating states S, = {s1, S2, ..., S}, a sequence where temporal order is
preserved.

With the input to graph construction defined, we now consider the graph G = (V, E),
where E consists of the set of all edges, and V' consists of the set of all nodes. V' = {V;,V,}
consists of nodes of two types: state nodes, and action nodes. State nodes consist of the union of
all S, thatis: V, = Ule S, and action nodes V,, consist of the set of all action classes a; € A,
where A is the set of all actions. In doing so, we represent both states and actions in graph G.

We construct the adjacency matrix as follows. Each node has an edge connecting it to itself:
e;; € E for 1 <i < |V| with weight 1. We add weighted directed edges e;; € E for consecutive

states s; and s; for 0 < ¢ < m and 7 = ¢ + 1, where the weight o;; is transition probability
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p(si+1]s;) where transition probabilities are observed from transitions in state sequences Sy, for
all k € K. We also add weighted directed edges between states and actions by adding weighted
edge e;; € I if action ¢ takes place within the timespan of state s;, where weight o;; is equal to
plails;).

Graph G has a total number of nodes equal to the number of unique states z = S+ A, where
S is the set of unique states and A is the set of annotated actions. Let X € R**™ be a matrix
containing all z nodes with their corresponding features of dimension m. Rather than set X to
identity matrix /, we initialize each node with feature embeddings extracted from a pre-trained
GloVe-600 model [89]. When representing states s € S, we average the feature embeddings
from each object noun in s. When representing actions a € A, we average the embeddings for
the verb and noun embeddings. We find that utilizing pretrained word embeddings for G results
in substantial performance gains over using X = I.

We feed the weighted adjacency matrix and X as input into the GCN as described in Section

3.23.1.

3.3 Dataset Creation

3.3.1 Datasets

3.3.1.1 Collection

We collect our dataset by organizing clips that correspond to point-to-point hand movements,
where the hand(s) involved and the Next Active Object are visible. The clips are croudsourced

onto the Amazon Mechanical Turk platform, where 103K responses were collected from 162
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workers, resulting in 45 K final responses after inspecting annotations of each worker and preventing
workers whose jobs did not meet a satisfactory level of performance from submitting further
responses. Workers are compensated $0.03 for each submitted response. The annotations for the
body and objects in contact are croudsourced separately from the annotations for the Next Active
Object, with the interface for both shown in Figure 3.6. In the end, a single annotation per sample

is collected and used for the training of the Anticipation Module.

3.3.1.2 EPIC Kitchens

The EPIC Kitchens dataset [43] is a large egocentric video dataset, captured by 32 subjects
in 32 different kitchens. The videos consist of daily kitchen activities where participants were
simply asked to record their interactions in their native kitchen environments (no instructional
scripts were given to the subjects). Each video contains several annotated action segments, each
associated a (verb, noun) action label, where there are 125 unique verbs and 352 unique nouns,
where 2, 513 unique actions are present in the dataset. In addition, there are 400/ bounding box
annotations of objects over the entire dataset. We conduct all quantitative experiments over this

dataset.

3.3.1.3 EGTEA Gaze+

The EGTEA Gaze+ dataset [50] is another egocentric video dataset, captured by 32 subjects,
where participants are given instructions to prepare meals. To demonstrate the generalization
capabilities of the Anticipation Module to other egocentric datasets, we provide the outputs of

the Anticipation Module pre-trained on EPIC Kitchens over the entirety of the EGTEA Gaze+
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Instructions Shortcuts | Annociate the hands, arms, and objects touching or being held by each hand

Instructions X Labels

Select Right Hand/Arm to frace the right
hand and arm of the persen.

Select Left Hand/Arm to trace the left hand
and arm of the person.

Select Object (Right Hand) to trace any
objects inside or fouching the right hand.
Select Object (Left Hand) to trace any
objects inside or touching the left hand
Select Object (Both Hands) to trace any
objects touched or held by both hands.
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[l Object (Right Hand)
[ Object (Left Hand)
B Cbject (Both Hands)

More Insiructions a )
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Instructions | | Shortcuts | Watch the video in the instructions, select the hand(s) that touch the object in the video, and trace the object the hand(s) are reaching for.

Instructions »

B Object (Left Hand)
B Object (Right Hand)
[l Object (Both)

The video in the instructions shows a
person reaching for an object and
touches it with either the right hand, left
hand, or both An object (fork, =patula,
etc) may already be inside the hand
Consider those objects as part of the
respective hand. Indicate the hand that

touches the object in the video, and on -
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X @ @ + 8 6 ¢
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Figure 3.6: Our interfaces for collection of annotations over the Amazon Mechanical Turk
platform, where (a) is the interface for the collection of the body/contacted objects, and (b)
is the interface for the collection of the Next Active Object annotations. In (a), workers are
instructed to annotate all instances of hands and objects in contact by selecting the appropriate
label in the right panel and tracing the body of the hand or object involved. In (b), workers are
instructed to first view the full video of the point to point hand movement, as the Next Active
Object annotation relies on information only available in the future. They then select the side(s)
involved in the reaching movement in the right panel and trace the body of the object involved.

dataset. A Google Drive link is provided!

' Google Drive link at : https://drive.google.com/drive/folders/1A1Z93d37g0mJaHclANhXY Vyp2jFQtfCS 2usp=sharing
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3.4 Experiments

Throughout these experiments we evaluate the performance of the proposed models for
action anticipation, action prediction, and Next Active Object prediction. We also perform
ablations over the components of the Anticipation Module to understand their respective contributions

to the success of the entire framework.

Method Top-1 | Top-5

2SCNN (RGB) [90] | 4.32 | 15.21
TSN (RGB) [91] 6.00 | 18.21
TSN + MCE [82] | 10.76 | 25.27

S1 RULSTM [62] 15.35 | 35.13

Camp. et al. [92] 15.67 | 36.31
Liu et al. [63] 15.42 | 34.29

Ours 16.02 | 34.53

2SCNN (RGB) [90] | 2.39 | 9.35
TSN (RGB) [91] 2.39 | 9.63
TSN + MCE [82] 5.57 | 15.57

S2 RULSTM [62] 9.12 | 21.88

Camp. et al. [92] 9.32 | 23.28
Liu et al. [63] 9.94 | 23.69

Ours 11.80 | 23.76

Table 3.1: Action anticipation results on the EPIC Kitchens test set for seen kitchens (S1) and
unseen kitchens (S2) during the EPIC Kitchens Action Anticipation Challenge. Only published
submissions are shown.

3.4.1 EPIC Kitchens Action Anticipation Challenge

The protocol behind the EPIC Kitchens Action Anticipation Challenge is to set the anticipation
time 7, to 1 second. While there are 44 participants in the challenge, we report our results
alongside the top 3 published submissions (RULSTM [62], Camp et al. [92], Liu et al. [63])

and include the benchmarked action anticipation results from the EPIC Kitchens dataset release
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Table 3.2: Action anticipation and action prediction accuracy results over validation set for CSN
stream, GCN stream and CSN + GCN stream over varying anticipation times 7, seconds and
varying observation rates p.

Action Anticipation (7,) Action Prediction (p)
5 2.5 1.5 1 0.5 0 12.5 25 50 75 90
CSN 649 1139 14.09 1550 18.61 19.37 2423 2649 30.72 31.08 31.30
GCN 9.05 1047 1131 12.81 13.76 14.56 14.83 1544 1570 15.88 16.01

CSN+GCN 944 15.01 17.02 19.20 20.29 21.89 26.01 28.33 31.14 31.19 3142
RULSTM [62] 698 1092 1231 12.69 1698 18.21 2448 27.63 3093 33.09 34.07

(2SCNN [90], TSN (RGB) [91], and TSN + MCE [82]). See the section 3.4.2 for details of each
baseline.

Table 3.1 shows our results over the test set (S1) where scenes appear in the training set
and over the test set (S2) where scenes are not included in the training set. We are 2 place in S1,
beating previous state-of-the-art methods by a margin of .35% and 1 place in S2, beating previous
state-of-the-art methods by a margin of 1.86%. We posit that the reason for Ego-OMG’s notable
outperformance w.r.t previous methods in S2 is because previous methods rely heavily on visual
appearance and are more likely to fail when testing on unseen kitchens which likely include
objects of previously unencountered appearance; Ego-OMG’s GCN stream on the other hand
only models objects of interaction, ignoring the diverse, cluttered, backgrounds that typically
make up everyday kitchen environments.

The final column of Table 3.1 contains the evaluation of all methods with Top-1 evaluation
and Top-5 evaluation - a prediction is correct w.r.t. Top-5 evaluation if the ground truth is
included in the Top-5 predicted actions. In our approach we utilize the same model for Top-1 and
Top-5 evaluation measures; other approaches may train separate models for the two evaluation

measures. Furthermore, we note that the other methods incorporate distinct training mechanisms
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for top-5 action anticipation [82,92].

We stress that the CSN stream can be swapped with any of the architectures listed above; as
the CSN stream is outperformed by RULSTM, Camp. et al., and Liu et al., better performance
could be expected from Ego-OMG with the incorporation of any one of these architectures. In

addition, we do not perform any form of ensembling in our submission.

3.4.2 EPIC Kitchens Challenge Baselines

We demonstrate state-of-the-art performance over the recent EPIC Kitchens Action Anticipation
Challenge, achieving 1st place on the EPIC Kitchens Action Anticipation Challenge unseen test
set, and 2nd place on the seen test set, and outperform all previously published approaches
without any use of ensembling, unlike many competing approaches. Below we describe the

action anticipation results reported in Table

* 2SCNN [90] is a two-stream CNN training 2D ConvNets on separate RGB and flow

streams before performing a late-fusion.
* TSN (RGB) [91] is a temporal segment network trained on a single stream of RGB video.

* TSN + MCE [82] is a temporal segment network trained with a novel loss formulation to

address the inherent ambiguity in action anticipation.

* RULSTM [62] is a state of the art architecture with two separate LSTMs and an attention

formulation applied over features obtained from RGB, flow, and object detections.

e Camp et al. [92] is a loss formulation representing verbs and objects with pre-computed

word embeddings to overcome the overwhelming number of unique actions in EPIC Kitchens.
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* Liu et al. [63] is a joint architecture that relies on additional supervisory signals to predict
motor attention and interaction hotspots before performing action anticipation. This is the

closest work to our approach.

* Ours The combined Anticipation Module and Ego-OMG.

3.4.3 Action Anticipation and Prediction

We evaluate our approach over the EPIC Kitchens dataset on the tasks of action anticipation
and action prediction over varying anticipation times 7, (action anticipation) and varying observation
ratios p (action prediction). The tasks are detailed in Section 2.2. See Table 3.2 for results. The
purpose of these experiments is to analyze the performance of our approach and its components
over degrading anticipation times and varying action observation ratios.

We vary the anticipation time 7, from 0 seconds (predicting the action class immediately
before its start) to 5 seconds (predicting the action class 5 seconds before its start). We perform
action prediction at the following observation ratios p: 12.5%, 25%, 50%, 75% and 90%.

We compare our approach to the state-of-the-art RULSTM [62] work due to its state-of-
the-art performance over published methods in both action anticipation and action prediction,
making RULSTM the optimal baseline.

For action anticipation, we note the performance of our approach degrades gracefully as
anticipation time 7, increases. As the anticipation time increases, the performance of the CSN
stream drops off considerably, to the point where at 7, = 5 seconds, the GCN stream outperforms
the CSN stream by a large margin of 2.56%. Full Ego-OMG outperforms each of its streams

individually over all 7,,.
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For action prediction, we observe diminishing gains of the GCN stream’s contribution to
the performance of Ego-OMG as the observation ratio p increases, to the point where RULSTM
outperforms our approach after p = 50%. We also observe the performance of our approach at
observation ratios p = 50% and p = 90% are very close. These findings lead us to the conclusion
that the strength of our approach lies in its anticipatory capabilities, and that our approach is not
particularly better suited for the action recognition setting over other methods focusing on visual
appearance and short-term dynamics. However, we hypothesize that the incorporation of flow

into our approach would be of great benefit for the action recognition setting.

3.4.4 Next Active Object

In this section we evaluate the performance of the Anticipation Module on the prediction
of the Next Active Object. We conduct two evaluations: The first being the evaluation of the
localizations produced by the Anticipation Module, and the second being the evaluation of the
classification over those produced localizations. Both evaluations are performed frame-wise over
the test set of the augmented dataset. To illustrate the generalization of the Anticipation Module
to other egocentric activity datasets, we provide the outputs of the Anticipation Module over the
EGTEA Gaze+ dataset on Google Drive?, where the Anticipation Module was trained over EPIC
Kitchens. In addition, outputs of the Anticipation Module over both EPIC Kitchens and EGTEA

Gaze+ are shown in Figure 3.7.

3.4.4.1 Localization

The first set of Next Active Object evaluations is performed with respect to the ground

truth segmentation masks included in the augmented dataset described in 3.2.2.1. We report

2 Google Drive link at : https://drive. google.com/driveé@lders/ 1A1Z93d37g0mJaHclANhXY Vyp2jFQtfCS ?usp=sharing



Evaluation Jaccard

Obj-Tracker 0.028
DeepGaze 11 0.051
I3D-GradCam  0.079

Center Bias 0.088
Ours w/o CAM  0.169
Ours 0.194

Table 3.3: Evaluation of localizations produced by the Next Active Object predictions. Contact
Anticipation Maps are referred to as CAM in the table.

Jaccard similarity as our evaluation measure. We provide an evaluation comparing baselines and

an ablated and non-ablated implementation of our approach:

* Center Bias relies on the assumption that the Next Active Object most commonly appears
near the center of the frame, and instantiates a fixed Gaussian at the center of each image

of size (55, 55) to represent the Next Active Object.

* I3D-GradCam trains an 13D model to perform action anticipation (7, sampled uniformly
between 0 to 2 seconds) over the entire EPIC-Kitchens dataset, applying standard Grad-
Cam [93] over the trained network to generate heatmaps containing the Next Active Object.
We mask out the hands of the actor from the heatmaps using ground truth hand segmentations

from 3.2.2.1 to better localize the Next Active Object.

* DeepGaze II [94] is a pre-trained state-of-the-art model performing saliency prediction

over each image in the collected dataset.

* Obj-Tracker is a re-implementation of [74]. The SORT [95] tracking algorithm is applied
over the detections obtained by Faster-RCNN pretrained over EPIC-kitchen dataset. Objects

tracked for less than 20 frames are dropped, and remaining trajectories are classified as
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Evaluation Top-1 | Top-5

Obj-Tracker | 1.00 | 5.70

13D Classifier | 11.90 | 31.94
RULSTM 15.07 | 39.88
Ours 18.26 | 39.67

Table 3.4: Evaluation of classification accuracy with respect to the Next Active Object
predictions.

either “active’ or ’inactive’. As predictions are bounding boxes, we convert the ground

truth segmentation masks to bounding box format.

* Ours w. and w/o CAM are our proposed approaches with and without the incorporation of
Contact Anticipation Maps in the Next Active Object Network to demonstrate the utility of
Contact Anticipation Maps. Other approaches do not model left and right hands separately,
and so for fair comparison we collapse our model’s binarized two channel output for the

left and right hands, into one channel.

Our approach including the Contact Anticipation Maps outperforms all baselines and the
ablation by large margins. We attribute this to its rich encoding of hand trajectory. The performance
of Obj-Tracker on the EPIC Kitchens dataset is poor compared to its performance in [74]
over the AVL dataset. We observe that the tracker fails consistently in tracking objects over
timespans exceeding .5 seconds. For the frames where the objects are tracked, next active object

localization is reported.

3.4.4.2 Classification

The second set of Next Active Object evaluations is performed with respect to the annotated

object classes available from the EPIC Kitchens dataset. We provide an evaluation comparing
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Figure 3.7: The Anticipation Module outputs Contact Anticipation Maps (second column) and
Next Active Object segmentations (third column). The Contact Anticipation Maps contain
continuous values of estimated time-to-contact between hands and the rest of the scene
(visualizations varying between red for short anticipated time-to-contact, and blue for long
anticipated time-to-contact). The predicted Next Active Object segmentations contain the object
of anticipated near-future contact, shown in blue in the third column. Predictions are shown over
the EPIC Kitchens and the EGTEA Gaze+ datasets.
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three baselines and our approach:

* I3D Classifier trains an I3D model over the action segments of the EPIC Kitchens dataset,
using the object noun labels as ground truth to perform end-to-end classification of the
future object of interaction with action anticipation offset 7, sampled uniformly between 0

to 2 seconds.

* Obj-Tracker is a re-implementation of [74]. See the baseline description at Section 3.4.4.1

for more.

* RULSTM [62] is a state-of-the-art architecture with two separate LSTMs and an attention
formulation applied over features obtained from RGB, flow, and object detections. This,

like I3D Classifier, is trained over the action segments from the EPIC Kitchens dataset.

* Ours computes the Intersection-over-Union values between the bounding boxes produced
by a Faster-RCNN model trained over EPIC Kitchens and the predicted Next Active Object

segmentation. The object category associated with the highest IoU is used as the prediction.

Our approach outperforms the I3D Classifier and RULSTM baselines at Top-1 Next
Active Object prediction by large margins, and is only marginally outperformed by RULSTM
at Top-5 Next Active Object prediction. We note that RULSTM and I3D Classifier are trained on
input clips with action segments of temporal boundaries defined by the EPIC Kitchens annotations,
whereas Obj-Tracker and Ours were trained on input clips with temporal boundaries defined by
the augmented dataset. Also, RULSTM and I3D Classifier are trained over 10X the number of
clips that our Anticipation Module is trained over (28K vs 2.1K respectively). We expect our

approach could benefit from a larger augmented dataset.
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3.4.5 Anticipation Module Ablations

We perform several ablation studies over the components of the Anticipation Module to
understand their contributions towards their performance of the GCN stream in Ego-OMG for

the tasks of action anticipation (7, = 1 second) and prediction (p = 0.25).

3.4.5.1 Hand Representation

We compare the effects of having the Anticipation Module produce localizations for each
hand individually vs. jointly. Our approach consisting of Active and Next Active Object predictions
for each of the two hands is compared with Joint, where we treat both hands as one entity
by superimposing the binarized segmentation channels produced for each hand. This ablation
evaluates the extent to which distinctly modelling left and right hands benefits action anticipation
and prediction. Other methods (e.g., [63]) typically do not differentiate between left and right

hands. See the first two rows of Table 3.5 for results.

3.4.5.2 Next Active Object and Contacted Objects

We isolate the Active and Next Active Object predictions of o, = {4, , ¥1,, V., 1, }» defined
in Section 3.2.3. We train the GCN stream of Ego-OMG over ablations excluding elements of
o¢. These ablations evaluate the extent to which inclusion of Next Active Object predictions and
the inclusion of Active Object Predictions benefit Ego-OMG performance. See rows 3 and 4 of

Table 3.5 for results.
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Ablations | Anticipation | Prediction
Ours 12.81 15.44
Joint 12.12 14.63

AO only 10.91 13.96

NAO only 7.86 8.50

Table 3.5: Ablation experiments showing anticipation and prediction top-1 accuracy, performed
over Anticipation Module components. Ours refers to non-ablated implementation; Joint
collapses left vs. right hand distinctions; “AO Only” refers to “Active Object Only”; “NAO
Only” refers to ’Next Active Object Only’.

GCN | No GCN
GloVe Vectors | 12.81 11.79
Identity Mat. | 6.67 3.62

Table 3.6: Action anticipation accuracies over validation set with anticipation time 7, = 1 second,
over GCN and GloVe embedding ablations.

3.4.6 GCN Ablations

In evaluating the utility provided by graph embeddings effected through GCN layers, we
compare two versions of Ego-OMG: One where graph nodes V' are embedded through a GCN,
and the other where nodes V' are left unaltered before the node sequence observed from the video
clip is fed into the LSTM.

In evaluating the utility provided by word embedding when representing states s;, we
compare two versions of Ego-OMG: One where the initialization of input matrix X is set to
features extracted from a pre-trained GloVe-600 model through methods discussed in Section
3.2.3.2, and the other where X is set to the identity matrix.

Table 3.6 illustrates results over joint ablations for the two sets of comparisons. The use of

graph convolutions in conjunction with GloVe embeddings outperforms ablations.
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3.5 Conclusion

This chapter discussed our work published in [10]. We explored another constituent of
action using contact anticipation maps to predict the next active object segmentation maps.
Directly predicting the hand trajectories can be challenging, and predicting the next active object
is helpful in both action prediction and action anticipation tasks. We achieve state-of-the-art
results over the EPIC Kitchens Action Anticipation Challenge - achieving 1st and 2nd place on
the unseen and seen test sets, respectively - through feeding our representations through Ego-
OMG, our state-of-the-art action anticipation and action prediction architecture. We release
our predictions over the EGTEA dataset and provide ablation studies evaluating the utility of

individual system characteristics.

68



Chapter 4: Diving Deep into the Motion Representation of Video-Text Models

Since the introduction of large-scale use of contrastive learning for image and text representation
[96], various efforts have been made to build video-text models [97—-100] to relate video to text.
Videos provide a way to access the dynamics or motion in the scene that a single image cannot
capture [17,101, 102]. Motion in videos could be due to the action depicted, the effect of camera
movement (for example, in egocentric action videos), or a combination of camera motion and
action [103].

We investigate how existing video-text models perceive motion due to the action. For
this work, we define motion in action videos as the movement of actors or the movement of
actors and objects. The challenge is the lack of datasets that explicitly describe video motion.
Figure 4.1 shows some examples of captions from ActivityNet [104] and the MSR-VTT [105]
dataset. Although verbs are included in captions of multimodal datasets like ActivityNet, MSR-
VTT, Howto100M [106], Spoken Moments in Time [107], a detailed description of motion is
not available. This calls for the need to have an exclusive benchmark to evaluate how video-text
models interpret and respond to motion descriptions.

We use the human action datasets Kinetics-400 [108], UCF-101 [109], and HMDB-51 [110]
to circumvent the lack of quality annotations of motion descriptions. The advantage of action

datasets is that for every action label, we can obtain the corresponding characteristic motion of
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ActivityNet Dataset ActivityNet MSR-VTT Dataset MSR-VTT
Captions Captions
An elderly man is

playing the piano
in front of a crowd

1. Aman and a woman performing
a musical.
» 2.Ateenage couple performinan

amateur musical
Another man starts 3. Dancers are playing a routine.
dancing to the music, 4. People are dancing in a musical.
gathering attention 5. Some people are acting and
from the crowd. singing for performance

Time

Our Generated Kinetics-400 Dataset Our Generated
Motion Descriptions Motion Descriptions
‘ I Video of person doing

rhythmic footwork, often
creating percussive

Video of a person doing
precise, coordinated
finger movements on the

keys, often accompanied sounds with the tap

by foot movements on shoes, including steps like

the pedals. shuffles, ball changes, and
Tap dancing time steps.

playing the piano

Figure 4.1: Example captions from ActivityNet, MSR-VTT, and our own GPT-4 generated fine-
grained motion description for Kinetics-400 classes. Our generated motion descriptions solely
describe the motion of the action, whereas other datasets typically use verbs to describe the scene.

the action by using large language models like GPT-3 [111] and GPT-4 [112], which, to a large
degree, produce accurate descriptions of the all the actions in the datasets. Figure 4.2 shows
some examples of the descriptions generated by GPT-4 and corresponding videos and original
captions.

We evaluate several video-text models on the motion description retrieval task using the
HMDB-51 and the UCF-101 datasets. We compare against human performance and show that
all models fall far behind, raising questions about the design of video-text models and the role of
quality captions in training better models to capture human motion. To address this question, we
propose a method described in section 4.3 to investigate if providing better motion description
captions helps video-text models understand fine-grained motion descriptions. To validate this
fairly, we compare our method with video-text models that similarly initialize their video encoder

and text encoder with pre-trained CLIP [96] weights so that undue performance gain is not
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obtained by pre-training on video-text data. Our results show that our proposed pipeline is
very effective in learning fine-grained motion descriptions on both the UCF-101 dataset and the

HMDB-51 dataset. In summary, our contributions are:

1. Creating a dataset of human motion descriptions for three action datasets.

2. Evaluating current video-text models representing motion description in videos on the

UCF-101 and HMDB-51 datasets against human expert evaluation.

3. Introducing a method to validate the need for better captioning in video-text models to
understand motion descriptions and demonstrate the method’s effectiveness in capturing

fine-grained motion descriptions.

4.1 Background and related work

Multimodal datasets and video understanding tasks: Howto100M and Spoken moments
in time are popular video caption datasets used in pre-training video-text models. ActivityNet,
MSR-VTT, DiDeMo [113], VaTex [114] are representative datasets used for video-language
alignment tasks like video-to-text retrieval or text-to-video retrieval. To our knowledge, we are
the first to introduce fine-grained motion descriptions in video datasets, which is not the focus of
existing datasets. We introduce motion descriptions on Kinetics-400, HMDB-51, and UCF-101
datasets.

Video-text models: Various efforts have been made to build video-text models [98, 99]
mainly for video-to-text retrieval tasks. These models have developed mechanisms based on
CLIP and extended them to video frames. Video-text models [97, 100, 115-117] have also been
used for general video recognition both in the supervised and the zero-shot action recognition
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Characteristic motion of air drumming action is: doing
rhythmic, exaggerated hand and arm movement.
Characteristic motion of abseiling is: doing controlled
descent down a vertical drop. Characteristic motion of
swing dancing is: doing energetic, bouncy movements
with lots of spins, kicks, and lifts. Similarly, provide
Characteristic motion of arm wrestling.

Video of a person
doing forceful
downward pushing
motion of one's arm
against an
opponent's arm.

Video of arm wrestling from Input Prompt to GPT-4 Generated motion
Kinetics-400 dataset. description caption by GPT-4.

Figure 4.2: Schematic representation of the generation of motion descriptions in existing
action datasets.

setting. [117] introduced verb-focused contrastive training to improve better verb reasoning by
learning with hard negative verb examples. [118] introduced contrast sets to identify pitfalls in
video-text models and recommended the need for fine-grained action understanding to tackle
hard negatives in contrast sets. We differ from them as we utilize motion descriptions, which has
its unique challenge. We compare our video-text model with Vanilla CLIP [96], XCLIP [97],
Text4Vis [115] and VifiCLIP [116], primarily because they utilize the pre-trained CLIP for fair

evaluation purposes.

4.2 Benchmark

Designing a motion description benchmark: We perform experiments on Kinetics-400,
UCF-101, and HMDB-51 datasets. For each class in these action datasets, we prompt GPT-4 to
produce the characteristic motions of the action (given by the caption annotation). Figure 4.2
shows the overall process of obtaining the motion descriptions. More details about the dataset
statistics and generation are described in section 4.8. The dataset can be accessed at https:

//github.com/chinmayad/motiondescriptions.git

72


https://github.com/chinmayad/motiondescriptions.git
https://github.com/chinmayad/motiondescriptions.git

Motion Description

class1 [ ]

class2 [ ]
class3 [ 1 >

i

Dot |:|
—>

gl Cross Entropy Loss

classN [ 1

ViT

Video

[ Temporal Modeling

Figure 4.3: Schematic representation of our approach encoding motion description in
video-text model pipeline: We integrate motion information as classifier weight in a supervised
training paradigm. We finetune the image encoder to integrate the motion information while
classifying videos in the kinetics400 dataset.

4.3 Proposed method

This section describes our proposed video-text model that incorporates the textual motion
description. A typical vision-language model like CLIP is usually trained using contrastive
learning loss or its variations [117,119]. The quality of representations learned from the video-
text model [120] will depend on the captions used during pre-training. Since no large video-
caption dataset containing motion descriptions exists, we can’t directly train a video-text model
using contrastive learning. We, therefore, propose a method that utilizes the rich linguistical
understanding of motion in actions from GPT-4 to give us the captions required for training.
Our approach has two parts: Generating the required motion descriptions of actions using GPT-
4 described in section 4.2 and training video-text models to utilize these motion descriptions

described in section 4.3.2.
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4.3.1 Problem setting

The model is trained on kinetics-400 as source dataset D, and tested on target datasets D;:
UCF101 and HMDBS51. The source dataset D, consists of videos x; and labels L belonging to
classes C;. The target dataset D, consists of videos x; and labels L; belonging to classes C;. We
use a zero-shot setting such that Cs N C; = (). Let the generated motion descriptions from GPT-4

for L and L; be M, and M, respectively.

4.3.2  Architecture setting

Figure 4.3 gives an overview of our approach. While training, we freeze the text encoder
from CLIP and fine-tune the visual encoder to learn the motion representation. While testing,
motion descriptions are passed through the network to obtain classifier weights. Given a video
from the target dataset, we obtain the logits indicating the probability that a video matches the
corresponding motion description. A detailed discussion on training, testing, and implementation

details is given in section 4.4.

4.3.3 Theoretical justification

We provide a theoretical justification for our proposed approach. Consider a large-scale
dataset D containing visual samples with ground-truth labels. Denoting our labeled dataset D =
(x1,y1), (22, 42), ..., let X represent input data 21,22, ... and Y represent the labels y1,y2, ...

A typical supervised learning framework with a linear predictor involves minimizing L(XTW,Y)+
Sigma(W') where IV contains the parameters to be learned, Sigma is the regularizing function,

and L is the loss function. Here, W is learned independently on D and will not be helpful for
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new classes or other downstream datasets. As proposed in [45], to make the approach tractable
for zero-shot learning, we need to make W so it carries valuable information for new classes.
The authors of [45] introduce

W =VvsT, 4.1)

which we refer to as equation 4.1, where .S is the signature of classes obtained from attributes of
classes in D, and V' is a new set of parameters to be learned.

For our scenario, we want to fine-tune the video-text model on the Kinetics dataset so that
it can learn the motion description.

Let us denote Vg as the visual encoder from CLIP or any pre-trained video-text model.

ES

The supervised learning formulation to learn Vj; and W,

as in [115] can now be represented
in minimizing cross-entropy H (y|o(W,,0;.VE(x))) referred to as equation 4.2, where H (p * |p)
stands for the Cross Entropy between the predicted distribution p and the ground-truth distribution
px. o denotes the softmax operation, W,,,; € R°*? denotes the linear projection matrix for
classification where c is number of classes and d is the dimension of embedding from Vy. The
above formulation in equation 4.2 is a standard visual feature transferring paradigm, where the
visual encoder V. and the projection matrix (classifier) W,,,; are learned simultaneously. We
need to introduce a motion description to make the formulation in equation 4.2 learn the motion
description and be useful for recognizing new motion descriptions for zero-shot settings.
Inspired by equation 4.1 where W = VST, we introduce motion description by making
Wiro; the signature of classes .S, and Vi the new set of parameters of the visual encoder to be

learned. In [45] S was obtained from an attribute matrix, and in our work, we obtain W, as

embeddings of a motion descriptor obtained from a CLIP text encoder.
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4.4 Implementation details of our method

4.4.1 Problem Setting:

The model is trained on kinetics-400 as source dataset D, and tested on target datasets D;:
UCF-101 and HMDB-51. The source dataset D consists of videos =5 and labels L belonging to
classes . The target dataset D, consists of videos x; and labels I; belonging to classes C;. We
use a zero-shot setting such that C; N C; = (). Let the generated motion descriptions from GPT-4

for Ls and L; be M, and M, respectively.

4.4.2 Training

Motion descriptions M are passed through a frozen CLIP text encoder to obtain the class
prototypes of Lg. Our intuition is that these class prototypes can be approximated as classifier
weights of the supervised video classifier. The concept takes its motivation from the work of
[121,122], which shows that text embeddings from CLIP and vision embeddings from CLIP
are very similar and fall within a ball of small radius. The obtained CLIP embeddings of motion
descriptions from the frozen text encoder would approximately translate to visual class prototypes
if obtained visually. With that intuition, we use the class prototypes from the frozen CLIP text
encoder as the classifier weights of a visual classifier.

Given a video v, from the source dataset D, T frames are sampled uniformly. The sampled
frames are passed through a CLIP pre-trained Image encoder and temporally pooled to obtain a
visual feature of the video. Then, the logits are obtained by computing the dot product of this

video feature with the transpose of the classifier weights . The model is trained using cross-
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entropy loss over logits and labels L, and the parameters of the CLIP image encoder are updated.

4.4.3 Testing

The motion descriptions M; are passed through the network to obtain classifier weights ;.
Given a video v; from the target dataset D;, we obtain the logits indicating the probability that a

video matches the corresponding motion description M;.

4.4.4 Experimental details

Our model uses a VIT-B/16 pre-trained CLIP text and image encoder. We use eight frame
samples per video. The CLIP text encoder was kept frozen during the training, and the CLIP
image encoder was fine-tuned. We train the model for 10 epochs on the Kinetics-400 dataset
with a learning rate of 0.00005 with a batch of the size of 20 on 4 NVIDIA RTX A5000 for 40
GPU hours. We use a learning warm step of 5 and a weight decay of 0.2. We use the Adam
optimizer with the cross-entropy loss for training on the Kinetics dataset with a clip ratio of 0.1.
Here, we describe more details about our baselines. We report the best results after running

experiments on 5 runs.

4.5 Dataset

4.5.1 Kinetics-400

Kinetics-400 is a large-scale dataset containing 400 classes downloaded from YouTube. It
has 240K training videos and 20K validation videos. Some videos are missing if the YouTube

user has removed them.
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4.5.2 UCF-101

The UCF-101 human action dataset consists of 13 K YouTube videos belonging to 101

classes. We report results on full classes on one split provided by the authors.

4.5.3 HMDB-51

It contains approximately 7K videos belonging to 51 classes. We report results on the split

provided by the authors.

4.6 Results
Method Object | Masked Object
Vanilla CLIP 25.92 23.33
Text4Vis 51.23 33.80
XCLIP 52.37 32.01
ViFiCLIP 52.70 34.76
Our Method 58.46 47.80
Human estimate 98 98

Table 4.1: Evaluation of percentage accuracy in motion description retrieval task on UCF-101
dataset.

Task: For the target datasets UCF-101 and HMDB-51, the input is a video and the list of
generated motion descriptions for all the classes in the dataset. The video-text model predicts the
closest motion description that describes the video. The metric used is the percentage accuracy
of correctly predicted motion descriptions.

The models we evaluate are Vanilla CLIP [96], XCLIP [97], Text4Vis [115] and VifiCLIP

[116]. Details about the models are given in section 4.7.
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Method Object | Masked Object
Vanilla CLIP 25.26 16.67
XCLIP 29.35 19.35
Text4Vis 34.12 24.93
VifiCLIP 36.20 28.9
Our Method 39.24 28.41
Human estimate | 97.5 96

Table 4.2: Evaluation of percentage accuracy in motion description retrieval task on HMDB-51
dataset.

Human estimated performance: We sampled five videos randomly from each class in UCF-
101 and HMDB-51. A human expert was asked to select the motion description that correctly
describes the video from the list of descriptions generated by GPT4. Human experts are graduate
students who have taken computer vision and NLP graduate courses and volunteered for this
study.

Table 4.1 reports the performance of various approaches on the UCF101 dataset. Our
proposed method beats previous methods by over 5% for motion descriptions containing the
names of objects involved and by over 10% for motion descriptions where the word “object”
replaces the object’s name. We noticed that all the video-text models perform very poorly
compared to human-estimated performance. We also see that video-text models have a strong
bias toward nouns. When the specific name of the object involved is not used, there is an average
10% drop in performance for all methods, indicating the strong bias video-text models have
for objects. Table 4.2 reports the performance of various approaches on the HMDB-51 dataset.

Similar trends are found in the HMDB-51 dataset.
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4.6.1 Temporal modeling

We experimented with adding a 6-layer temporal transformer on the video head of the
VIT-B/16 transformer. The results are shown below in table 4.3 and 4.4. Contrary to our initial

hypothesis, having a temporal transformer didn’t improve the performance over mean average

pooling.
Method Object | Masked Object
Temporal transformer | 57.02 44 .4
Mean Average Pooling | 58.46 47.80

Table 4.3: Evaluation of percentage accuracy in motion description retrieval task on UCF-101
dataset.

Method Object | Masked Object
Temporal transformer | 37.53 26.84
Mean Average Pooling | 39.24 28.41

Table 4.4: Evaluation of percentage accuracy in motion description retrieval task on HMDB-51
dataset.

4.6.2 Does fine-tuning cause overfitting?

As in any fine-tuning method, there is a risk of overfitting the source dataset. We performed
experiments to see if overfitting is an issue. Based on our experiments, the degree to which the
model overfits is negligible compared to the method’s overall improvement. Table 4.5 and Table

4.6 below show the accuracies at different epochs of fine-tuning the vision encoder.
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Number of Epochs | Object | Masked Object
Epoch 5 57.50 46.59
Epoch 10 58.46 47.80
Epoch 20 58.2 47.02

Table 4.5: Evaluation of percentage accuracy in motion description retrieval task on UCF-101
dataset.

Number of Epochs | Object | Masked Object
Epoch 5 38.25 27.82
Epoch 10 39.239 28.41

Table 4.6: Evaluation of percentage accuracy in motion description retrieval task on HMDB-51
dataset.

4.7 Baselines

4.7.1 Vanilla CLIP:

We use VIT-B/16 pre-trained CLIP text and image encoder obtained from radford202 11learning

and temporally average the frame outputs while evaluating HMDB-51 and UCF-101 datasets.

4.7.2 XCLIP

We use the XCLIP ni2022expanding model and code available from https://huggingface.
co/docs/transformers/model_doc/xclip. We use “microsoft/xclip-base-patch16-

zero-shot” model from huggingface.co while evaluating the HMDB-51 and UCF-101 datasets.
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4.7.3 Text4Vision

We use the VIT-B/16 base architecture with 8 frames per video. We use pre-trained weights

from https://github.com/whwu95/Text4Vis/tree/main

4.7.4 VifiCLIP

We use the VIT-B/16 architecture and obtain the model and code from the official implementation

of VifiCLIP rasheed2023fine from https://github.com/muzairkhattak/ViFi-CLIP.

4.8 Motion Description Generation

We use the GPT -4 API to obtain motion descriptions. We noticed from experiments that we
needed to provide some example motion descriptions in the prompt to obtain motion descriptions
in the format we are interested in. The prompt we used is Characteristic motion of air drumming
action is: doing rhythmic, exaggerated hand and arm movement. The characteristic motion of
abseiling is: doing a controlled descent down a vertical drop. The characteristic motion of swing
dancing is: doing energetic, bouncy movements with lots of spins, kicks, and lifts. Similarly,

provide the characteristic motions of action X..

4.8.1 GPT-4 generated motion descriptions quality control

5 volunteers evaluated the generated motion descriptions for pairwise comparison. The
pairwise comparison included selecting the best one among two generated motion descriptions.

A vote of majority was used to select the final motion description. Volunteers with diverse
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Dataset Number of videos | Number of unique motion descriptions | Average number of verbs per motion description | Average number of words per motion description | Number of verbs in the motion descriptions
Kinetics 400 246000 400 34 19 1371
UCF 101 13320 101 32 19 325
HMDB 51 6849 51 32 17 164

Table 4.7: Statistics of motion description dataset

experience and age groups were selected to reduce bias.

4.8.2 Dataset statistics

The kinetics-400 dataset consists of 400 classes, the UCF-101 human action dataset consists
of 101 classes and HMDB-51 consists of 51 classes. We generate a characteristic motion description
for each class in all three datasets. For UCF101 and HMDB-51, we mask objects manually after

obtaining the motion description. Table 4.8.2 provides the motion description dataset statistics.

4.9 Limitations

We use a CLIP text encoder trained on image-text data to represent motion descriptions.
This is not the best thing to do as, in practice, the CLIP text encoder would never have encountered
the dynamics of videos while training. However, we hope the method works if we replace this
CLIP text encoder with any other video-text model text encoder. Another limitation is that we
trained on the Kinetics-400 dataset and tested on the UCF-101 and HMDB-51 datasets. As shown
in the results section, the presence of an object or scene can often impact the performance during
the retrieval task on these datasets. Furthermore, since we fine-tune image encoders on the source
dataset, the possibility of overfitting the source dataset exists, leading to poor transferability on
another target dataset. There are also potential biases in generated descriptions by GPT-4, and

human quality estimation is expensive. For our experiments, volunteers spent a total of 16 hours.
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4.10 Conclusion

In this chapter, we discussed our work published in [11]. We explored how motion, one of
the critical constituent of action, is represented in video-language models. We created a a motion
description dataset using GPT-4 and evaluated existing video-language models. We noticed that
the performance of existing video-language models are far from human expert performance. We
proposed a method to integrate any existing video-language models with motion descriptions
by finetuning a video encoder. Our proposed method improves existing video-language models
to perform better in motion-description retrieval in UCF-101 and HMDB-51 datasets. In this
work, we reported the best accuracy after running experiments, but including confidence intervals
further strengthens the case. While designing video-text models, we leave it to future work to

build better models to capture motion and ignore the biases due to the object or the scene.
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Chapter 5: Generating images through Symbols representing concepts

Recent efforts in deep generative modeling have yielded impressive results, showcasing
both the capabilities and limitations of VAEs [123] and GANs [124]. Many of these methods
[125] have been used to generate high-resolution counterfeit images that are virtually indistinguishable
from real ones using the naked eye. However, latent representations used to generate images are
(for the most part) uninterpretable. To address this limitation, we propose a symbolic variant of
the traditional VAE which places key constraints on the hidden/latent state of the network. We
argue that these constraints improve interpretability by capturing explainable image semantics
within a discrete symbol space. Similar to speech and language, discrete representations of latent
information provide several key advantages. For instance, they can be used to model salient
classes in auditory/visual data, or even represent meaningful policies and states in reinforcement
learning applications. In this work, we focus on a symbolic implementation of the traditional
VAE, applied to two unique image sets.

In each dataset, latent symbols used to describe imagery are analyzed and compared with
their semantic interpretations. We term this variant of the traditional VAE the Symbolic Variational
Autoencoder (SVAE). The key difference in our approach is that latent symbols used to encode
imagery-much like the words on this page-serve as the building blocks for a learned private

language. Given a sequence of discrete symbols (i.e., a sentence), we can directly decode the
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Figure 5.1: Architecture diagram of Symbolic Variational Autoencoders (SVAEs). Input is an
image of a “red table” and the Sender LSTM outputs a sentence which serves as a symbolic
expression of “red table”. The Receiver LSTM is able to directly reconstruct the image from the
symbols rather than a continuous latent representation.

image that was used to generate it. This allows us to manipulate key symbols in a sentence to
determine the “meaning” of each one. Similar approaches have been reported in recent research
on emergent languages [126, 127], although the current implementation focuses more on how
objects in images are constructed rather than how they are described.

Similar to the SVAE, humans seem to use hierarchical labeling to describe entities in the
world. WordNet [128] appears to capture this property, where each word has many possible
hypernyms (e.g., “color” is a hypernym of “red”). Hierarchical mappings in WordNet have
improved interpretability significantly, helping to capture relationships between two words. Studies
in neuroscience [129] have also shown that rule-based hierarchical models can be used to explain
cortical linguistic structure.

It has even been shown that GAN-Tree uses a hierarchical structure to generate multi-modal data
distributions [130] . The SVAE generates symbols following a learned grammar that is both

hierarchical and explainable. We report results on the Fashion MNIST and MNIST datasets. To
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our knowledge, this is the first study which uses a discrete latent space to generate a hierarchical
grammar via unsupervised learning methods. This effectively improves model explainability, as
we have greater control in generating data based on symbols. Using the SVAE, we explore how
an image generated from a sentence of symbols varies as symbols are changed in a systematic
manner. We associate symbol manipulations with semantically noticeable changes in the reconstructed

image, effectively grounding the meaning of learned symbols.

5.1 Related work

VAEs [123] are generative models used to estimate the underlying data distribution from
a set of training examples. It consists of an encoder that maps raw input to a latent variable z
and a decoder which uses z to reconstruct the input. The loss function optimized in the VAE
is a combination of: 1) the KL divergence loss between the latent encoding vector and a known
Gaussian distribution and ii) the reconstruction loss at the decoder. Training is performed in an
end-to-end manner with the help of a reparameterization trick at the decoder, which converts a
non-differentiable node to a differentiable node.
Only a small number of VAEs which use a discrete latent space have been reported in the
literature; e.g., VQ-VAE [131] and VQ-VAE-2 [132]. In these methods, encoder output is
quantized into one latent vector from an N -vector codebook. The SVAE instead generates a
sequence of symbols using a Long Short-Term Memory (LSTM) network [133]. The sequence of
symbols follows a hierarchy where the first symbol in the sequence captures most discriminative
information, such as class/category assignment. Alternatively, later symbols represent finer

details within the class, like child nodes under a parent node. Since we are using an LSTM, we
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hope to capture the grammar which underlies patterns of discrete symbols, rather than encoding
the information in terms of independent symbols. If effectively captured, this grammar may be
used for other purposes, such as generating variations of the same image by changing one or
more of its associated symbols. For example, multiple colors of an object could be visualized,
even though the SVAE has never actually seen corresponding images during training. Beta-VAE
[134] is another modification of traditional VAEs with an emphasis on uncovering disentangled
latent factors. This disentanglement serves to identify the factors that produce variations in the
generated images. Even though the latent factors are discrete-like the symbols generated in our
SVAE-they are generated in a fundamentally different way that does not capture hierarchical
representation.

Training a neural network with discrete intermediate outputs exhibits a number of challenges.
For instance, standard backpropagation only works on differentiable functions. The Sender
LSTM module of SVAE (see Fig. 5.1) is non-differentiable. To circumvent this issue, we use
the gumble softmax [135] operation to make the Sender LSTM module in SVAE differentiable.
The Sender and Receiver modules of SVAE are similar to those implemented in recent work
[127]. It has been further demonstrated that the emergence of symbolic representations correlates
well with categorical labels; e.g., those from the MSCOCO dataset [127]. These emergent
languages can also be grounded in natural language through direct supervision, as shown in
recent work [126, 127]. Moreover, when supervision is provided, symbols are highly correlated
with corresponding object categories or labels [136].

Instead of learning to describe imagery, the current work focuses more on learning what constitutes
an image so that whole images can be reconstructed using latent, symbolic representations.

Concurrent with the work reported here, a toolkit has been released [137] which showcases
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some of the potential applications of emergent languages for different types of games. One such
example is using sender and receiver modules as an autoencoder. The key difference between our
SVAE and the toolkit’s approach is that we construct our SVAE with variational inference like in
traditional VAEs. The SVAE also uses VAE-like loss, whereas the toolkit utilizes an autoencoder
with per-pixel cross-entropy loss. Using the proposed method, we show how symbols affect the
generation of images and identify some of the primitives of image generation which was not
described in previous work [137]. Furthermore, to the best of our knowledge, such toolkit is
not trained end to end. Similarly, our SVAE follows a different methodology compared with the

symbolic autoencoder reported [138].

5.2 Approach

The main components of the SVAE are 1) an Encoder, i1) a Sender, ii1) a Receiver and iv) a
Decoder. Figure 5.1 shows the corresponding SVAE architecture.
Let X be the data to be encoded. We are interested in modeling the distribution P(X). In a
conventional VAE, a latent distribution P(z) is learned which represents the data. This distribution
is subsequently used to reconstruct X . Input is passed through an encoder which consists of either
a CNN or multi-layer perceptron layers. The output is then passed through a reparameterization
layer, followed by a decoder. However, in the current work, we transformed the latent distribution
into a discrete representation captured by a sequence of symbols. This was achieved by implementing
a Sender module which generates a sequence of symbols via an LSTM. The symbols produced
by the sender LSTM are passed into a receiver LSTM that reconstructs the original feature

embedding. Finally, the Decoder module transforms the reconstructed feature embedding into
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an image. We train the entire module with the reconstruction loss and KL divergence loss as
described in equation below. Parameters of the Encoder, Sender, Receiver, and Decoder modules

are jointly optimized by backpropagation:

Loss = Ellog P(X | 2)] = Dir[Q(= | X) | P(2)]

where Ellog P(X | z)] simplifies to taking binary cross entropy between reconstructed
image and input image, and D [Q(z | X) | P(z)] results in:
DN (u(X),0(X)) [ N0, D)]] =
(5.2)
33 [exp (0(2) + p*(X) — 1 = o(X))]

Simplifications were made by assuming P(z) is a normal distribution with mean 0 and
standard deviation 1 . In this work, we fixed the encoder and decoder to consist of two fully
connected layers. Since backpropagating gradients across discrete symbols is not possible, we
utilized a Gumbel Softmax estimator. This results in a continuous gradient that is both stable and

differentiable.

5.3 Experiments and results

We tested SVAE on two datasets: MNIST [139] and Fashion-MNIST [140]. Both datasets
consist of 60,000 training images and 10,000 test images. In each of the experiments reported, we
used an encoder and decoder consisting of two fully-connected layers, reducing the dimension of
input image first to 400 and then to 20 in respective layers. The 20 -dimensional feature from the

last fully-connected layer of the Encoder module was fed to a reparameterization layer, similar to
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Figure 5.2: The top row indicates the input image fed to the autoencoder. The middle row
indicates the image reconstructed from SVAE with a vocabulary size of 10 and sentence length
of 2. Symbols for each of the reconstructed images are displayed in the bottom row.

traditional VAEs. The output from the reparameterized layer was then fed to the Sender module.
The Sender and Receiver components consist of a single unrolled LSTM based on the sequence
length used in different settings. The Sender LSTM embedding dimension is 256 and the hidden
layer dimension is 512 . The temperature parameter in Gumbel Softmax is 1. Adam optimizer

was used with learning rate le — 5.

4.1. Figures and tables

Experiments show that discrete symbols capture the semantic properties of an image and
can be used to unearth underlying primitives. Without any supervision, we observed that each
symbol represents a concept. In the following paragraphs, we show that the generated symbols
form a grammar with useful semantic properties.

Figure 5.2 shows a representation of reconstructions from the SVAE trained on the Fashion-

MNIST dataset. This network was trained with a vocabulary size of 10 symbols and a sentence
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length of 2. Vocabulary size refers to the possible number of symbols present in the dictionary.
We observe that even with a small sentence and vocabulary size, the network can faithfully
reproduce the input test data. The corresponding symbols or sentences that the SVAE produced
are shown in Figure 5.2. We observe that the first symbol 5 corresponds with shirts, as is evident
from the 1%, 27 4% 7% "and 8™ images. In addition, the symbol 1 is associated with the concept
of shoes. The second symbol in the sentence encodes the different types of garments (shirts,
shoes, dresses). The 3™ image in the figure is incorrectly reconstructed as trousers. Therefore,

the symbol is 3 instead of 5 .

Figure 5.3: Image reconstructions using vocabulary size of 100 (left) vs. a vocabulary size of
20 (right). Note that reconstructions show much finer detail 6 when more symbols are used to
encode images.

As depicted in figure 5.3 , increasing the vocabulary size to 100 allows for richer representations
and better reconstructions. This follows the principle of image compression where a lossy image
has a lesser number of bits. However, as we increase the vocabulary size and sentence length, it

becomes difficult to qualitatively interpret the exact semantic meaning of each symbol through
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visualization only. Still, the first symbol in the sentence continues to refer to class membership.
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Figure 5.4: Reconstructions of Fashion-MNIST. Reconstructed images change when we hold the
first symbol constant and manipulate the second and third symbol only. Each row and column
represents a different second and third symbol, respectively. SVAE was trained on Fashion-
MNIST with with vocabulary size of 20 and sentence length of 3

The next set of experiments involved training the SVAE with a vocabulary size of 20 and
a sentence length of 3 . Figure 5.4 shows the output for FashionMNIST when the first symbol
is fixed at 15 and the remaining two symbols in the sentence are exhaustively explored. Results
indicate that symbol 15 is associated with a high-heeled shoe. This suggests that the first symbol
in the sentence indicates the broad category in the dataset and the second and third symbols
indicate changes in intensity and shape. This further implies that there is a grammar underlying
the composed sentences. A similar result is obtained when we run the same experiment on the
MNIST dataset (see Figure 5.5. Here, the first symbol 15 shows a representation of the number
9 . Changing the remaining two symbols in the
sentence shows different types and shapes of the number 9. We also see some 7’s in certain
positions in the grid, which could be due to the fact that the number 7 looks visually similar to
the number 9 . Therefore, symbol 15 could actually be encoding the shape of both 9 and 7 .
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Figure 5.5: Reconstructions of MNIST. Reconstructed images change when we hold the first
symbol constant and manipulate the second and third symbol only. Each row and column
represents a different second and third symbol, respectively. SVAE was trained on MNIST with
vocabulary size of 20 and sentence length of 3

SVAE offers advantages of visualizing the latent space compared to VQ-VAE. Compared
to VQ-VAE, we have better control over generated images because of the added advantage of
using sentences instead of a single bit. Thus, we present a systematic way of generating images

by exhausting all possible symbols of the given vocabulary size and sentence length.

5.4 Conclusion

In this chapter, we discussed our work published in [12]. We presented an unsupervised
approach to obtaining the constituents of images in the form of symbols and using symbols to

generate the images. We developed a symbolic variational autoencoder capable of generating

images given symbols. The approach is general as the architecture is data agnostic and differentiable.

This method provides a way to generate different constituents of images, and the idea can also be

extended to action videos.
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Chapter 5: Conclusion and future work

In this thesis, we presented novel approaches to use constituents of actions and objects to
improve understanding of actions and objects.

Chapter 2 introduced two methods for visual feedback in language graphs for zero-shot
action recognition. Grouping actions based on the constituent of actions allowed us to adjust
additively the weights of the adjacency matrix to reflect the semantic similarity of actions in
visual space. Increasing and decreasing the graph edge weights is simple yet very effective
and can be easily adopted in other weight-adjusting mechanisms. We also introduced using the
visual adjacency matrix to set the weights in the graph, which is usually overlooked in zero-shot
learning. Experimental results on the EPIC-Kitchens and the Charades data sets showed that
adding the visual adjacency matrix and using weight adjustment to modify the adjacency matrix
is beneficial.

In Chapter 3, we introduced methods to produce hand/object-centric representations for
egocentric video, which are useful for action understanding. Contact Anticipation Maps provide
time-to-contact predictions between hands and the environment, and Next Active Object Segmentations
provide predictions localizing the Next Active Object. In training the In the anticipation Module,
we gather contact annotations and object segmentations over a portion of the EPIC Kitchens

dataset to produce these representations. We achieve state-of the- art results over the EPIC
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Kitchens Action Anticipation Challenge - achieving 1st and 2nd place on the unseen and seen
test sets, respectively - through feeding our representations through Ego-OMG, our state-of-the-
art action anticipation and action prediction architecture. We release our predictions over the
EGTEA dataset and provide ablation studies evaluating the utility of individual system characteristics.

In Chapter 4, we showed how motion, an essential constituent of action, is understood in
video-language models. We introduced a benchmark to understand how motion is understood
in video-text models. We highlighted the limitations in obtaining quality annotations describing
motion in video. We also showed that the performance of video-text models for retrieving motion
descriptions is poor compared to human expert performance. Our proposed method circumvents
some of these issues and improves over other video-text models. While designing video-text
models, we leave it to future work to build better models to capture motion and ignore the biases
due to the object or the scene.

In Chapter 5, we explored an unsupervised way to obtain the constituents of an object. We
proposed a Symbolic Variational Autoencoder, which provides the advantages of interpretability
and the ability to generate images by varying symbolic encodings. We also observe that the
symbols form a grammar, where the first symbol typically refers to the class of the image, and
the next set of symbols express finer features. By exhausting all possible symbol sequences for
a given category, we showed how finer characteristics are naturally captured in a hierarchical
fashion. This provides the foundation needed to understand what the primitives of images are
and how each primitive might affect the appearance of various image types. Further work should
extend the current approach to understand primitives in other kinds of data, such as human
action or gesture videos. Although the contemporary success of deep learning methods has

provided exciting new ways to transform data into useful representations, explainability remains
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a critical problem. In particular, human interfacing with artificial agents will rely on modes of
communication that both parties can interpret. The current results provide an initial step toward
this goal by implementing a symbolic method for encoding raw data. As conveyed in our results,
each symbol appears to have some meaning to human observers, such as a “red shoe” versus
a “white shoe.” While the corresponding symbols can be used to reconstruct images using the
SVAE, the Sender and Receiver in the network, do not understand each symbol like humans do.
While progress has been made in both the discriminative and generative sides of machine
learning and computer vision, explainability will be an essential metric for evaluating their
success as we develop more intelligent systems. This dissertation will open up some ideas on
how explainability can be improved by modeling actions as a function of their constituent parts
rather than a whole action. In the future, we can develop alternative methods to discover the
constituent of actions to minimize human inference and develop attention mechanisms between

the constituent parts and the whole action.
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