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Abstract

The ability to observe human movements and predict their actions is a developmental skill
acquired by humans early in life. When witnessing a person performing a task, we can easily
forecast their subsequent actions based on contextual cues and past experiences. In this work,
we aim at developing such abilities for machines, focusing on the tasks of vision-based action
prediction, action anticipation and next-active-object prediction.

Action prediction is defined as the inference of an action label while the action is still ongoing.
Such a capability is useful for early response and further action planning. We consider the problem
of action prediction in scenarios involving humans interacting with objects. We formulate an
approach that builds time series representations of the performance of the humans and the
objects. Such a representation of an ongoing action is then compared to prototype actions. This
is achieved by a Dynamic Time Warping (DTW)-based time series alignment framework which
identifies the best match between the ongoing action and the prototype ones. We predict actions
in trimmed and untrimmed action sequences with the use of the DTW algorithm. In the same
vein, for the prediction of actions we propose two new alignment algorithms called OBE-S-DTW
and OE-S-DTW that show superior results on the task of action prediction compared to DTW.

Following, we propose a graph-based methodology for the visual prediction of human-object
interactions in videos. Rather than forecasting the human and object motion, we aim at predicting
(a) the class of the on-going human-object interaction and (b) the class(es) of the next active
object(s) (NAOs), i.e., the object(s) that will be involved in the interaction in the near future as
well as the time the interaction will occur.

Finally, we address the problem of action anticipation by taking into consideration the history
of all executed actions throughout long, procedural activities. A novel approach noted as Visual-
Linguistic Modeling of Action History (VLMAH) is proposed that fuses the immediate past in
the form of visual features as well as the distant past based on a cost-effective form of linguistic
constructs (semantic labels of the nouns, verbs, or actions). Our approach generates accurate
near-future action predictions during procedural activities by leveraging information on the long-
and short-term past.

The proposed methods constitute solutions for the problems of action prediction and anticipa-
tion and next-active-object prediction. The aforementioned methodologies have been evaluated

on challenging datasets and showcase results superior to the current state-of-art.
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CHAPTER

INTRODUCTION

he ability to observe human movements and predict their actions is a developmental skill

acquired early in life. From a young age, children begin to understand and anticipate

the actions of others. For example, when a baby sees someone raising their arms, they
may predict that the person is about to pick them up. As children grow older, this skill becomes
more refined, and they can make increasingly accurate predictions about the intentions of those
around them.

When witnessing a person performing a task, we can easily forecast their subsequent actions
based on contextual cues and past experiences. For instance, if we see someone walking towards
a door while reaching for the doorknob, we can predict that they are about to open the door and
step through it. This ability to predict actions is fundamental for social interactions, enabling us
to respond appropriately to others and anticipate their needs. However, machines do not have
this natural ability. Researchers and engineers use various techniques to develop computational
models capable of predicting human actions. By feeding the system with large datasets containing
action sequences and their corresponding outcomes, the machine learns to recognize patterns
and make accurate predictions.

As the term "predicting actions" is quite broad, researchers often focus on specific areas to
study and apply action prediction. For instance, action prediction can be applied in sports, where

the system predicts the next move of players during a game [33]. In autonomous vehicles [27],



action prediction is crucial to anticipate the behavior and movement of pedestrians [138] and
other vehicles on the road [34] in order to plan the route and avoid accidents. Human action
prediction and/or forecasting refer to the anticipation of the forthcoming action label based on
limited initial observations of the ongoing action. For example, consider a scenario where a
person is cooking in a kitchen. Based on the initial frames of a video, an action prediction model
should be able to predict whether the person is cutting vegetables, stirring a pot, or reaching
for ingredients [19, 20]. This task has been explored by many researchers as it can provide
information about people’s interaction with objects and their intentions. Action prediction can
help in the human-robot collaboration while following a recipe, in order to be able to provide
assistance, prepare the tools, anticipate accidents, etc.

These actions may involve one or multiple subjects, making the task more complex. In a scene
with multiple people, the system must identify and predict the actions of each individual correctly.
Moreover, there can be one or more objects present in the scene that influence human actions.
For instance, in a soccer match, the ball’s position and trajectory will significantly impact players’
actions, making action prediction more challenging and context-dependent.

Action prediction is not limited to specific environments; there are no restrictions on the
scene type, allowing for actions to occur both indoors and outdoors. For instance, action prediction
has been explored indoors in different contexts such as cooking [20] and assembling toys [116,
136] while it has also been explored outdoors in various scenarios such as pedestrian trajectory
prediction [67] and assembling a tent [54]. The observations may encompass various modalities,
such as RGB or grayscale images, RGB-D videos, and motion capture data. For example, in a
gesture recognition system, motion capture data from a user’s hand movements can be used to
predict the intended action, like swiping or pointing.

Human action prediction has gained prominence in the field of Computational Vision due to
its significance in early action recognition. In video surveillance, action prediction plays a vital
role in proactively detecting potential threats and abnormal behavior. For instance, a security
system can predict suspicious activities, such as someone leaving a package unattended in a
public place.

Action prediction faces several challenges similar to those encountered in action recognition.
In complex scenes, occlusions can obstruct the view of certain actions, making prediction more dif-

ficult. For example, in a crowded street, people walking in front of each other can create occlusion,



hindering the visibility of some actions. Lighting variations and scene background complexities
can also impact action prediction accuracy. For instance, outdoor scenes with changing lighting
conditions may introduce uncertainty in predicting actions due to altered appearances. Addition-
ally, action prediction inherently involves ambiguity due to the limited number of observations,
resulting in multiple potential predictions. In situations where the context is not clear, the system
should provide multiple hypotheses, each with an associated confidence level, to account for
uncertain predictions.

To address these challenges, a highly promising approach involves training computational
systems with substantial datasets that encompass a wide range of observed action variations.
Datasets with diverse scenarios, including various environmental conditions, action types, and
object interactions, help improve the model’s robustness and generalization capabilities.

Most existing works in the field have predominantly focused on utilizing deep neural networks
for action prediction tasks. Deep learning models can learn hierarchical representations from data,
making them capable of capturing complex spatio-temporal patterns and improving prediction
accuracy. However, the success of deep neural networks relies on having a large number of
training examples [4]. Therefore, the availability of extensive and diverse action prediction
datasets is essential for building robust and effective prediction models.

In conclusion, human action prediction is a crucial area of research with various practical
applications, ranging from autonomous systems to video surveillance. By leveraging advanced
computational techniques and large datasets, researchers aim to develop accurate and efficient

action prediction models capable of forecasting human actions in diverse and complex scenarios.

1.1 From Action Recognition to Action Prediction

n recent years, the domains of human motion analysis and action recognition have gar-

nered significant attention due to their vital implications in various fields such as assisted

living [7], surveillance [60], and human-computer/robot interaction [142, 24]. In the era

of visual data-driven systems, there is a growing need for these systems to effectively commu-

nicate with the world, interact with other entities like robots, humans, and their surrounding
environment [111, 146].

The concept of action recognition is central to this discussion. It refers to the ability to

identify and classify actions once all the observations related to the action’s execution have



A. Human activity classification problem
Problem: What is this activity?

Observation:

-+ >

B. Human activity prediction problem
Problem: What is this activity?

Observation:

Figure 1.1: Action recognition and action prediction presented on the same sequence [129]

been captured. Over the years, action recognition has undergone extensive study and evolution,
employing various techniques ranging from traditional machine learning algorithms to more
recent advancements like deep neural networks. While action recognition remains a complex
and ongoing area of research, notable progress has been made [48]. Early on, certain datasets
captured under controlled laboratory conditions were successfully addressed [47], and there’s
been remarkable headway in addressing datasets captured in diverse real-world scenarios [164].

The domains of human action recognition and prediction face common challenges that are
found in the field of Computer Vision, revolving around the observation and interpretation of
human actions. These challenges encompass variations in execution styles, the physiological
characteristics of individuals executing the actions, the appearance and clothing of the subjects,
and scenarios involving multiple subjects. Furthermore, technical challenges emerge from factors
such as varying camera viewpoints, diverse camera setups, changes in lighting conditions, complex
backgrounds, and the presence of objects within the scene.

Intriguingly, human action recognition and prediction exhibit shared characteristics. Both
tasks involve providing a label or classification based on observations of actions (see Fig. 1.1).
The key distinction lies in the temporal aspect: action prediction involves generating a label with
only a subset of initial observations, occurring at an earlier stage in the action’s progression. The
advantage of action prediction is its capacity to reduce response time, as the system can identify

an action in its early stages by analyzing only a limited portion of the ongoing activity.



The advantages of action prediction have extensive implications. It allows systems to react
swiftly to evolving situations, making it well-suited for scenarios where rapid responses are
vital. Take, for example, a surveillance system that must foresee potentially harmful actions
in real-time. By predicting actions early, the system can trigger timely alerts or interventions,
enhancing security and safety measures.

In summary, the fields of human motion analysis, action recognition, and prediction have
gained prominence due to their applications across diverse domains. The ability to recognize
and predict actions from visual data holds immense potential for improving human-computer
interactions, advancing surveillance systems, and enhancing overall situational awareness. While
challenges persist, ongoing research and technological advancements continue to drive progress in
these fields, shaping the future of predictive analysis and enhancing the capabilities of intelligent

systems.

1.2 Prediction

The rise of Artificial Intelligence (AI) and the widespread availability of affordable visual record-
ing devices have opened up exciting possibilities in predicting human actions. This convergence
has led to an explosion in visual data—comprising images and videos—that is readily acces-
sible online. Within this context, action prediction becomes an interesting area for improving
recognition and prediction algorithms.

Within the scope of action prediction, the large amount of visual data holds immense promise
for algorithmic training and refinement. The sheer volume of available data equips these al-
gorithms with the ability to discern diverse variations in the execution of a single action. By
immersing themselves in different contexts, settings, and styles of action execution, these algo-
rithms can develop a comprehensive understanding of the intricate dynamics that define human
actions.

Moreover, this plethora of visual data empowers prediction algorithms to anticipate forth-
coming actions with heightened accuracy. A thorough analysis of historical action sequences
allows these algorithms to unveil concealed patterns and correlations within the data. This pre-
dictive capability has extensive implications across domains such as video analysis, surveillance,
and human-computer interaction. The power to proactively anticipate actions enables timely

decision-making and the ability to take responsive actions.



In the midst of these advancements, challenges arise in the field of action prediction. The first
challenge centers around the creation of algorithms capable of making accurate predictions based
on limited observations. This task demands the development of complex model structures and
training techniques that are quite advanced. The challenge here is to enable these algorithms to
understand and make predictions using only a limited view of what’s happening. This involves
creating smart and sophisticated algorithms that can pick up subtle clues and patterns from the
available data.

The second challenge focuses on finding ways to predict what actions will happen next, even
when there is a significant amount of missing visual information about these actions. This
challenge requires us to come up with innovative methods that can foresee future actions based
on the context and previous patterns. It’s like solving a puzzle without seeing all the pieces. This
challenge encourages us to think creatively about how Al and computer vision can work together
to fill in the gaps and predict actions that might not be directly visible.

These challenges serve as catalysts for creativity and progress in the realms of artificial
intelligence and computational vision. They push researchers and scientists to explore new ideas,
experiment with novel techniques, and develop tools that can push the boundaries of what is
possible. The outcome of these efforts isn’t just about better predictions; it is also about deepening
our understanding of how Al can learn from incomplete information and make sense of complex
situations. As a result, these challenges drive innovation, pushing the boundaries of what we can
achieve in the exciting intersection of Al and computational vision.

The implications of effective action prediction are vast and transformative. In the context of
human-robot collaboration, the ability to predict human actions can lead to safer and more effi-
cient interactions. For instance, industrial robots can optimize their actions based on predictions,
ensuring seamless collaboration and accident avoidance. Similarly, robotic agents that assist
the elderly can anticipate their needs and even foresee potential dangers, enabling swift and
proactive interventions.

In conclusion, the point where Al and the availability of visual data converge represents
a critical moment for action prediction. This field has the potential to greatly improve the
capabilities of recognition and prediction algorithms. By refining the accuracy and efficiency of
action prediction, researchers and developers can advance various applications, spanning from

industrial automation to personalized healthcare and more. As algorithms become better at



predicting human actions, they are on the verge of transforming how technology interacts with
and enhances human activities.
The subcategories of the action prediction domain that are going to be analyzed in the

following sections are:

(a) Action Prediction/Early Action Recognition [64]: This involves predicting
the label of the action being executed at the present moment, even when we have

access to only a limited amount of observations.

(b) Action Anticipation [64]: Focuses on anticipating the action that will happen

in the immediate future, for which there are no direct observations.

(c) Next-active-object Prediction [37]: This category revolves around predicting

the object that will become active or engaged in the course of the activity.

Collectively, these subcategories enrich our comprehension of human action prediction. They
empower algorithms to offer more accurate forecasts and project actions over time, thereby

enhancing their utility across a diverse range of real-world scenarios.



1.3 Owur approach

Our approach to effectively tackle the prediction challenge is carefully organized, creating various
stages that systematically build upon one another. This framework starts off by addressing
segmented actions and subsequently extends to anticipate actions embedded within extensive,
unsegmented action sequences. Furthermore, our approach delves into the incorporation of
objects, forecasting their role in driving future actions to completion. The following outlines the

sequential progression of our methodology:

¢ Action prediction:

— This phase initially revolves around trimmed single actions, where a fragment of the

action is observed, and our aim is to predict the action label before its completion.

— Progressing from trimmed single actions, our approach then extends to untrimmed
action sequences, enabling us to predict action labels within the context of ongoing

activities (multiple actions are executed in the progress of an activity).
* Action anticipation:

— Building on the foundation laid in action prediction, we take a step further to antici-

pate actions that are about to unfold within more extended action sequences.

— This aspect of our methodology showcases our approach to not only predict ongo-
ing actions but also anticipate actions that are going to be executed in the future,

demonstrating the predictive capabilities of our approach.
* Next active object prediction:

— Our approach is not confined to predicting only actions; it also involves predicting the

objects that will play an immediate role in the subsequent activities.

— Going beyond singular object predictions, our framework extends its reach to antici-
pate all objects that will be utilized until the entire task reaches its completion. This
holistic view of object prediction contributes to a better understanding of the task’s

dynamics.



In essence, our proposed approaches systematically address various levels of prediction
difficulties and challenges. By moving from segmented actions to untrimmed sequences, we
propose solutions for the problems of action prediction and forecasting as well as for the next

active object prediction.



1.4 Motivation

Human action recognition has gathered the attention of the Computer Vision community for an
extended period. Up until 2011, the primary focus had solely centered on recognizing human
actions with full access to the execution details of these actions. In 2011, Ryoo introduced the
concept of human action prediction for anticipating ongoing actions from streaming videos [128].
Ryoo aimed to identify actions with fewer observations, utilizing integral and dynamic histograms.

During that time, the scarcity of easily available training data hindered the development
of a system capable of learning and adapting to the challenges inherent in prediction problems.
The journey from 2011, marked by the application of traditional machine learning algorithms,
to 2019, characterized by the adoption of deep neural networks, signifies an ongoing attempt
to address human action prediction and forecasting challenges [145, 116, 43]. Over this span,
the domain of action prediction has undergone a transformative evolution [63], progressing from
predicting actions within milliseconds [15, 90] to forecasting actions that will happen in several
minutes into the future [82, 30, 39, 133, 83]. Consequently, there exists a necessity to discover
novel features, representations, and techniques that enable efficient recognition and prediction of
ongoing actions in real-time.

Moreover, the implications of successful human action prediction extend to the scope of safety,
particularly in the context of accident prevention. By forecasting potential actions and behaviors,
computer vision systems could contribute to minimizing risks in various settings. In fields such
as autonomous vehicles [91], where the movement of pedestrians and other vehicles is a pivotal
concern, accurate prediction capabilities could enable vehicles to chart safer routes, make timely
decisions, and avoid potential collisions. The capability to foresee the movements of pedestrians
and other vehicles translates into safer navigation, as vehicles can proactively avoid potential
hazards and calculate optimal paths. This not only safeguards lives but also builds trust in the
transformative potential of self-driving technologies. This translates to improved road safety and
a higher degree of confidence in the deployment of autonomous driving technologies.

Beyond the immediate applications, the ability to anticipate and predict future events has
a profound impact on human cognition and interaction. Human beings inherently possess the
capacity to foresee forthcoming outcomes, a skill that underpins strategic planning, decision-
making, and harmonious engagement with the environment. Similarly, prediction plays a critical

role in numerous technical domains. For example, the successful integration of home-assisting



robots hinges on their ability to accurately anticipate user actions and intentions. This capability
not only enables them to assist users but also fosters a sense of adaptability and responsiveness
that aligns with human expectations.

The primary area of interest in recent times has been human-object interactions in egocentric
contexts, mainly because of their applicability in systems employing head-mounted cameras.
These systems have led to the creation of new datasets, such as Meccano [116], Assembly101 [136],
and Ego4D [43]. These datasets have spurred the introduction of fresh challenges aimed at
addressing issues like action anticipation, short-term hand-object prediction, long-term activity
prediction, and more in this domain in order to make advances in the prediction problems that
arise.

In summary, the significance of human action prediction and anticipation resonates on
multiple levels. From improving human-robot collaboration and safety to equipping systems with
information about events that may unfold in the future, the advancement of this field holds the

promise of reshaping our interaction with technology and our environment.



1.5 Organization of the thesis

The remainder of this thesis is structured as follows. Chapter 2 offers an examination of related
scientific literature. Subsequent chapters provide insights into our primary methodology and
the corresponding experimental evaluations conducted for each segment. Specifically, Chapter 3
delves into our approach for addressing action prediction in trimmed action sequences. Chapters
4 and 5 introduce two innovative techniques that address the challenge of action prediction in
untrimmed action sequences. Additionally, Chapter 6 introduces a novel and efficient method
tailored for action anticipation within lengthy untrimmed sequences. Concluding this thesis,
Chapter 7 furnishes a comprehensive discussion regarding the impact and limitations inherent
in the proposed framework. Furthermore, the chapter outlines research avenues for future

exploration and articulates the objectives to be pursued.



CHAPTER

LITERATURE REVIEW

2.1 Action & Activity Recognition

Action/Activity Recognition sets the thematic base upon which more fine-grained video under-
standing tasks, such as action detection, early action recognition, and action anticipation/prediction
have been defined. In its most challenging form, it comprises the recognition of actions that in-
volve human-object interactions, and action sets with high intra- and inter-class variability. With
the advent of deep learning, video action recognition methods have become extremely efficient
and effective in modeling short-range dependencies of actions with CNN-centered models [139,
13]. Moreover, the ability to model long-range dependencies of complex actions or long, composite
activities has also been considerably improved using memorization layers, such as RNNs and
their variants [162, 74], attention mechanisms [153, 5], and temporal frame dependency modeling
at multiple time scales [31, 160].

The significant performance gains that have been witnessed in this field have also been
fueled by the emergence of large-scale datasets [19, 94], that contain diverse action sets, viewing
conditions (egocentric [19, 137, 43] or third-person [28, 71]) and videos in various contexts
providing rich, multi-level annotation data and different information modalities. Such datasets
enabled the design of multi-modal models that apart from appearance and motion, also exploit
audio, gaze-related data, and most importantly language [56, 49]. In the concept of multi-modal

action/activity modeling, the visual-linguistic fusion scheme is shown to be extremely effective at
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representing the variability of complex actions and activities. This mainly relies on the action-
related knowledge that is extracted using the lexical description of the action sequence and
transitions, which is presented in the form of a simple text label or rich transcription/captions
per action [56]. This information can be further processed using text statistics [125]. Recently,
deep learning language models [141, 152], have also been proposed acting as a complimentary
information source to the visual representation, expressed with handcrafted [124, 125] or deep

learned [81, 68, 8] descriptors.

2.2 Action & Activity Prediction

Vision-based prediction is a rising topic in the field of computer vision [102]. From pedestrian
trajectory prediction [118] to pose prediction [89] to accident anticipation [9], prediction has
become the focus of several investigations [117]. Ryoo et al. [128] were the first to define the
problem of vision-based action prediction as “an inference of unfinished activities given temporally
incomplete videos”. Action prediction methods can be on trimmed or untrimmed videos [76].
Action prediction on trimmed videos focuses on recognizing the label of a video given in-
complete observations at each point in time [38, 6]. Wang et al. [154] proposed a knowledge
distillation framework for early action prediction. The framework employs a teacher model to
recognize actions in complete videos and a student model to predict actions in partial videos.
A teacher-student learning block is used to transfer knowledge from teacher to student. The
framework uses mean square error (MSE) and maximum mean discrepancy (MMD) loss for dis-
tilling local and global distribution knowledge. The method in [3] uses a 3D convolutional neural
network to extract spatio-temporal features and perform short-term action prediction by using
multiple binary classifiers. Li et al. [72] explicitly focuses on mining and utilizing relationships
and minor discrepancies within challenging pairs to build a discriminative model. It includes a
Hard Instance-Interference Class (HI-IC) bank that dynamically records these challenging pairs
during model learning. An adversarial learning scheme is proposed, using a feature generator
to create perplexing features for challenging instances based on their similarity to interference
classes. Additionally, a class discriminator is designed to distinguish these perplexing features,
aiding in mining subtle differences within challenging pairs. This approach enhances the model’s
ability to handle challenging pairs that are typically difficult for early activity prediction models.

In [25] a probabilistic approach to predict everyday actions is presented by using motion trajectory



prediction and taking into account the objects and their affordances.

Action prediction in untrimmed videos is performed on action sequences and its goal is
to recognize early (a) all the action labels that are present in a video and (b) their anticipated
duration [58, 100, 93]. Since action boundaries are not known, Liu et al.[76] addresses the problem
of online action prediction in streaming 3D skeleton sequences, where the goal is to recognize
an ongoing activity based on only a partial observation. To tackle this, the authors introduce a
dilated convolutional network that models motion dynamics in the temporal dimension using a
sliding window approach. To handle temporal scale variations, a novel window scale selection
method is proposed, allowing the network to focus on the performed part of the action while
suppressing interference from previous actions. An activation-sharing scheme is also presented to
improve computational efficiency by handling overlapping computations. Additionally, a hierarchy
of dilated tree convolutions is designed to enhance performance by learning structured semantic
representations over skeleton joints. The method presented in [28] predicted the future actions
in two ways: one utilizing a Convolutional Neural Network (CNN) and the other a Recurrent
Neural Network (RNN), to forecast a substantial sequence of future actions and their durations.
These methods are trained to predict future video labels based on previously observed content.
The results demonstrate that both approaches can accurately anticipate future actions, even
in lengthy videos containing a wide range of different actions, and they exhibit robustness in
handling noisy or erroneous input information. For this reason, Ke et al. [57] predicted actions in
an one-shot fashion. The method presented in [40] recognizes the actions of the ongoing video
along with their duration by inferring information about the verbs and the objects that are
present in the scene through aligning video segments.

Action prediction aims to forecast the label of an action based on limited/partial observations.
The majority of the proposed methods that tackle this problem consider (first person) egocentric
videos [121, 163, 158, 134, 2], mainly due to the availability of large amounts of relevant video
data and annotations [43, 18, 116]. An advantage of the work proposed by Furnari et al. [36, 35]
is the ability to make predictions not only in first-person but also in third-person videos. Their
work focuses on making predictions using multiple modalities such as RGB frames, optical flow
and object-based features. Their architecture uses one Long Short-Term Memory (LSTM) for
encoding the past time steps while the second LSTM makes predictions about the future. Wu et

al. [155] opted to solve the problem of activity prediction by exploring spatio-temporal relations



between humans and objects. They used a graph-based neural network to encode the spatial

relations between video entities at different time-scales.

2.3 Action Anticipation/Forecasting

This is defined as the task of predicting the class(es) of one or more future actions for which
no observations are available at the decision time [64, 71]. The task has been well-explored for
actions of various complexity that range from simple motion primitives of a single human action or
a human-object interaction [64, 53] to long, composite, procedural or unconstrained activities [133,
83]. Anticipating the near-future actions is performed towards a limited set or even thousands
of action categories [19, 136]. Forecasting of next actions is performed at “anticipation time” in
video that can be set at variable time horizons ranging from short- to long-term predictions. Many
existing approaches fix this important task parameter to 1 second prior to the start of the action
of interest [77, 41], while others explore the predictability of actions for several seconds [113,
36, 79, 28, 59]. The problem was initially introduced in third-person videos [53, 28], but it has
recently gained significant popularity in first-person (egocentric) videos [19, 43], too.

In [41], Video Transformers are proposed to accurately anticipate future actions. Without
supervision the method learns to focus on the image areas where the hands and objects appear,
while attends the most relevant frames for the prediction of the next action. Rodin et al. [122]
tackles the problem of anticipation in untrimmed videos in an attempt to generalize and deal
with unconstrained conditions in real world scenarios. The prominent method of Furnari et
al. [35] explored the problem of action anticipation using “rolling-unrolling” LSTMs in order to
summarize past actions and make predictions for the verb, noun and action of the next segment
for multiple anticipation times. In [134] a multi-scale temporal model is proposed so that the
past actions are aggregated for the future actions to be iteratively predicted. This framework
performs predictions for the next action with an anticipation time of 1 second and is also capable
of performing dense anticipation considering a large number of anticipated action classes. Our
work complies with both methodologies so that the verb, noun and action predictions are made in
the range of [0.25,2] seconds with a step of 0.25 seconds.

Natural language processing (NLP) initially gained popularity in the cooking domain since
recipes naturally contain a large variety of texts with instructions on food preparation. These

large texts of instructions have attracted the interest for predictions of the next unobserved



steps of the recipe in natural language in the form of sentences. Sener et al. [135] created a
hierarchical model for learning multi-step procedures of recipe datasets with text and visual
context. Their zero-shot anticipation framework is able to transfer knowledge from large-scale
text corpora to the visual domain for the prediction of coherent and plausible recipe instructions.
The same authors improved their framework by integrating a temporal segment proposal method
to the video encoder and additional losses at the recipe encoder to improve convergence [133].
By comparing to recipe generation networks they showed that this method can perform better
even for unseen recipes and dishes. Contrary to methods [135, 133] that exploit text to provide
information to the visual domain, Mahmud et al. [83] proposes a two-step approach where
information on the visual spatio-temporal context of the observed actions and the linguistic labels
of the anticipated actions along with scene context are incorporated for caption prediction. Text

and/or captions of the observed actions are not utilized.

2.4 Next Active Object Prediction

The first approach to tackle the problem of next-active-object was Furnari et al. [37]. A sliding
window was utilized in conjunction with an object detector in order to model each tracked
trajectory and classify it as passive or active using random forests. The paper argues that the
next-active-object can be distinguished from its frames immediately before it turns active. One
very interesting characteristic of the method they propose is its ability to generalise to unseen
object classes. However, their experiments show a loss of accuracy when dealing with the unseen
object classes thus proposing to train the method with the object classes that will be present in
the test set for better results.

The work of Dessalene et al. [22] employs graphs to predict the partially observed action
and produce Contact Anticipation Maps which provide pixel-wise information of the anticipated
time-to-contact involving one hand, either the left or the right. Also, they perform next-active-
object segmentation by localizing candidate next active objects. These localizations are evaluated
with the calculation of the Intersection over Union (IoU) value of the bounding boxes produced
from the Faster-RCNN model. This work predicts the hand-object time-to-contact in egocentric
videos but this does imply that this can be the next-active-object or that this object will be used
immediately. Also, this is trained on annotated object classes of the dataset which implies that it

cannot generalize to unseen object classes.
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Figure 2.1: Task of anticipating short-term object interactions. Models analyze video sequence
V up to timestamp ¢, making predictions about the bounding box and class of upcoming active
objects, the verb characterizing the impending interaction, a numeric value denoting when the
interaction occurs (¢ + §), and a confidence score. Here, § signifies the time gap between the final
observable frame V; and the frame of interaction at time (¢ + §). Image from [115].

Jiang et al. [65] highlights the importance of predicting human intentions, particularly in
human-robot interaction and rehabilitation robots. The study addresses the prediction of short-
term next-active-objects in egocentric images, which represent objects humans will interact
with soon, reflecting their intentions. Most existing methods focus on object-related cues, like
appearance changes and trajectory shapes, for prediction. The paper introduces a deep neural
network model that incorporates human-centered cues, specifically visual attention and hand
positions, to enhance prediction. This involves constructing probability maps for attention and
hand positions, leading to a probability distribution for the next-active-object.

In recent years, the nature of next-active-object prediction has evolved into a next-active-
object detection task, encompassing the prediction of both the next-active-object label and its
potential spatial location. The task is defined following the framework proposed in [43]. Given a
video sequence V and a specific time point ¢, the objective involves processing the video up to
time ¢. The goal is to generate a set of predictions regarding future object interactions that will

occur after a specified time interval §. Each prediction consists of the following components:

¢ A bounding box indicating the location of the next-active object that will be interacted with



in the future.
* A noun label describing the class of the identified object (e.g., "knife").

¢ A verb label describing the nature of the interaction that will transpire in the future (e.g.,

"take").

* A numerical value representing the "time to contact,” which signifies the time in sec-
onds between the current timestamp and the commencement of the interaction (e.g., 0.75

seconds).
¢ A confidence score is assigned to rank the predictions for assessment purposes.

The works of [43] and [116] proposed the Ego4D and Meccano datasets which have ground
truth annotations that can accommodate the next-active-object detection task. They also provide
baselines for the solution of this specific task.

Liu et al. [77] introduced a method for predicting future hand-object interactions in egocentric
videos. Instead of predicting action labels or pixels, the approach directly forecasts the trajectory
of hand motion and future contact points on the next active object (interaction hotspots). This
compact representation offers a clear description of forthcoming interactions. To address this
task, the authors develop an automated method to gather trajectory and hotspot labels using
extensive data. They then utilize this data to train an Object-Centric Transformer (OCT) model
for prediction. This model employs the self-attention mechanism of Transformers for reasoning
about hand and object interactions. OCT also incorporates a probabilistic framework to sample
future trajectories and hotspots, effectively handling prediction uncertainty.

In [109] the authors propose the TransFusion framework which is a multimodal architecture
based on transformers. It utilizes language to summarize the action context, leveraging pre-
trained image captioning and vision-language models to extract context from previous video
frames. This context, along with the next video frame, is processed by a multimodal fusion module
to predict the next object interaction. The approach enhances end-to-end learning efficiency and
benefits from large pre-trained language models for commonsense and generalization.

Ragusa et al. [115] focus on short-term object interaction anticipation in the egocentric per-
spective. They propose an innovative end-to-end architecture named StillFast. This approach

concurrently processes a static image and a video, detecting and localizing next-active objects,



forecasting the action that describes the future interaction, and determining the interaction’s tim-
ing. Through experiments on the extensive egocentric dataset EGO4D, the method demonstrates

superior performance compared to existing approaches.

2.5 Temporal Alignment

The temporal alignment of sequences is a problem that has been explored for many years and
remains of interest until today. A classical approach is the Dynamic Time Warping [130] algorithm
which is capable of aligning segmented sequences by finding the minimum-cost warping path
between them. The warping path is calculated upon the distance matrix which contains all
the frame-wise distances between the two sequences to be aligned. The DTW score is based
on the summation of all path-related values in the distance matrix. The DTW algorithm poses
boundary constraints on the warping path which means that the sequences to be aligned must
start and end at known frames i.e. the first frame of the first sequence will be matched to the
first frame of the second sequence. DTW has been used in a variety of problems such as action
cosegmentation [105], representation learning [45], etc.

The boundary constraints of DTW have been relaxed by the work of Tormene et al. [143] who
proposed the Open-End DTW (OE-DTW) algorithm. The OE-DTW variant is capable of aligning
sequences that have a known common start point but unknown endpoints. This relaxation of
the endpoint constraint is useful when the sequences to be matched are partially observed or
when other actions appear after the end of the sequence. The OE-DTW score is provided by
the summation of all values of the minimum-cost alignment path. The difference to the DTW
algorithm is that the alignment path that starts at the top-left point of the distance matrix should
not necessarily end at the bottom-right cell of that matrix, thus permitting a certain sequence to
match with a part of a reference one. OE-DTW has been used to compare motion curves for the
rehabilitation of post-stroke patients [131] as well as for the evaluation of the user’s motion in
visual observations of humans with Kinect [161].

Tormene et al. [143] also proposed the Open-Begin-End (OBE-DTW) [143] that aligns two
unsegmented sequences, i.e., two sequences of unknown starting and ending points. The matching
path defined by OBE-DTW does not necessarily have to start and end at the top-left and bottom-
right cells of the distance matrix. OBE-DTW has been used in many contexts for unsegmented

sequence alignment e.g., for the problem of classifying motion from depth cameras [61].



While the DTW algorithm considers the minimum-cost alignment path of the sequences, the
Soft Dynamic Time Warping (S-DTW) [17] variant considers the soft-minimum of the distribution
of all costs spanned by all possible alignments between two segmented sequences. This alignment
score contains the summation of all path-based values. The S-DTW algorithm has been used
by [46] as temporal alignment loss for training a neural network to learn better video represen-
tations. The differentiable alignment of S-DTW has also been used by Chang et al. [14] for the
alignment and segmentation of actions by using the videos and the transcripts of the actions.

Segmental DTW [108] seeks for the minimum-cost sub-sequence alignment of pairs of un-
segmented inputs. Segmental DTW decomposes the distance matrix in sets of overlapping areas
and finds the local end-to-end alignments in these areas resulting in sub-sequence matching.
Segmental DTW has been used in the context of action co-segmentation [103] in motion-capture
data or video between pairs of actions for the detecting of commonalities of varying length,
different actors, etc.

The Ordered Temporal Alignment Module (OTAM) [12] aligns segmented sequences of fixed
length by using the soft-minimum operator and calculating all possible path-based alignments.
The alignment score is given by aligning the sequences end-to-end using S-DTW, while the
alignment path is retrieved by an OBE-DTW approximation. Cao et al. [12] used the OTAM
alignment for few-shot video classification of fixed-length trimmed videos.

Finally, the Drop Dynamic Time Warping (Drop-DTW) [26] algorithm is a variant of DTW
based on images where outliers are dropped during the alignment of sequences. Differently from
OBE-DTW where the unrelated parts can be at the prefix or the suffix of an action, this DTW
approximation is very useful in cases where the sequences to be aligned have unrelated parts
anywhere inside the sequences. By eliminating all the irrelevant parts Drop-DTW results in

more meaningful alignments.

2.6 Contribution & Open Challenges

The works discussed in Section 2 offer solutions for addressing the problems of action prediction,
action forecasting, and prediction of the next active object. It is important to note that these
problems are still far from being fully resolved. For this reason, there are still open challenges
that the Computer Vision community addresses. The first challenge is improving the prediction

accuracy for the problem of action prediction on segmented and unsegmented data. The limited



observations of partially executed actions impose a great challenge to our ability to predict the
future with high accuracy. One open challenge associated with action anticipation is the ability
to predict not only the next unobserved action but also the following actions after that (called
long anticipation). We need the ability to learn from past actions and find correlations that will
help us predict further into the future. Finally, an open challenge in the domain of prediction is
the ability to foresee the label of the object that is going to be used in the immediate future. The
objects that are present in the scene can provide important information about the actions that
are going to take place in the future. So, our ability to predict the next object/s will enhance the
predictive capability of the algorithms.

In the scope of this thesis, we address some of the aforementioned challenges. We propose
algorithms for the prediction of ongoing actions in segmented and unsegmented action sequences
in human-object interaction scenarios using a Dynamic Time Warping (DTW)-based framework,
demonstrating improved accuracy over existing methods. We also proposed two new DTW-based
alignment algorithms designed to align incomplete action sequences with complete ones, offering
better alignment for unsegmented actions for the solution of the action prediction problem.
Next, we addressed the problem of the next-active object prediction with the use of graphs and
we proposed two new challenges which are the prediction of all the objects that will be used
for the completion of an activity (multiple next-active objects prediction) and the prediction
of the time that the next-active object will be used. In human-object interaction scenarios, all
the information that we can retrieve from objects provides information that helps increase the
predictive capabilities of the prediction algorithms. Finally, we propose an LSTM-based network
that combines visual and linguistic information to enhance action anticipation, resulting in
improved accuracy compared to other methods. This method can exploit information about all
past actions in the compact way of linguistic features extracted from action labels instead of
having to store and process the visual features of all past actions. This approach showcases
state-of-art accuracy on the action anticipation problem while combining cost-effective linguistic

features of all past actions with the visual features of the recent past.



CHAPTER

DTW-BASED ACTION PREDICTION IN TRIMMED SEQUENCES

ction prediction is the art of making educated guesses about ongoing actions. Think

of it like guessing what’s happening in a scene while it is still unfolding. This skill is

like having a crystal ball for quick responses and smart planning ahead. Our research
zooms in on understanding actions when people are interacting with objects. We’ve crafted a
method to track how people and objects are moving over time. It is like capturing a story of what
is going on in an action that hasn’t finished yet. Then, we take this ongoing action and match it
up against actions we have in our database. This matching process is done using an alignment
algorithm called Dynamic Time Warping (DTW), which helps us find the best fit between the
action in progress and actions we know well.

Putting our method to the test, we examine three sets of data that are widely used in this field.
The results of our experiments reveal something important: when we combine how people and
objects are behaving (instead of using just the people or just the objects), our action predictions
get a lot better. Our approach proves to be more accurate in predicting actions compared to other
techniques.

We narrow our focus to a specific puzzle: predicting actions where people are doing things
together with objects, using only what we can see. In this context, action prediction means
figuring out what is going on even if the action isn’t complete yet [128]. To crack this code, we use

shortened video clips (trimmed video recordings) as input data, from which we can extract time
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series of 3D skeletal data using various methods, such as those demonstrated by Qammaz et al.
(2021) [112]. For the above reasons, in the current chapter we use the terms "video recordings"
and "skeletal data" interchangeably.

The amount of action we can see depends on an observation ratio. This ratio can be any
number between a tiny bit (more than zero) and the whole thing (100%). If we can see the entire
action (100% observation ratio), it is like we’ve watched the entire story. In this case, predicting

the action becomes as easy as knowing the full type of action that’s happening.

3.1 Problem description

We assume that a video recording of an action (full or incomplete) can be represented as an
N-dimensional time series through some appropriate feature extraction mechanism (see Sec. 3.2).

Let @ be such a time series representation of an incomplete action. We are interested in
inferring the unknown action label L(Q) of @. We also consider a set of C time series P*, 1<i<C,
corresponding to known, prototype action executions with labels L(P?). Our approach compares
Q with each of the time series P’ through Dynamic Time Warping-based alignment (DTW). Let
DTW(X,Y) denote the DTW alignment cost of time series X and Y. Then, action prediction can

be formulated as:
3.1) L@ =L(arg minp: 1<i<c(DTW@Q,P))).

Essentially, the proposed method predicts that the action label of @ is that of the prototype

action P’ which can be aligned with @ at a minimum DTW-based alignment cost.

3.2 Feature Extraction

Given a video, we represent each of its frames as a multidimensional vector of action-related
features. Depending on the employed scenario, such features encode the human body pose, the
class and the pose of the involved object, or both. Section 3.5 presents different sets of extracted

features for the standard benchmark datasets employed in this work.



3.3 DTW-based Time Series Alignment

Dynamic Time Warping (DTW): Let X and Y be two time series with X = (x1,...x;) € R**! and
Y =(y1,...,ym) ER"™. We define the distance matrix D(X,Y) = [d(x;,y;)];; € RI*™ where d(x,y)
is the Euclidean distance between x and y. We also define II, the set of all path-based alignments
of X and Y, connecting the upper-left to the lower-right of the matrix D. Finally, let 7 € II be one
of all those alignments. The inner product (7,D(X,Y)) yields the alignment score associated with
TT.

DTW [130] is a dynamic programming algorithm that estimates the minimum-cost alignment
of two time series. On the basis of the above notation, this is DTW(X,Y) = minz.nD(X,Y).
For the partial alignment, a variant of the original DTW [130] is employed, called open-end
DTW [143].

Open-End Dynamic Time Warping (OE-DTW): The alignments can end at any point at the
last column of the D matrix. The alignment score is normalized by the number of diagonal steps

of the calculated optimal alignment path. Open-end DTW is defined as:

(3.2) DTW,e(X,Y)=minj=1,. nDTW(X,Y;).

.....

Soft-DTW: Soft-DTW [17] builds upon the original and popular dynamic time warping (DTW)
measure and considers a generalized soft minimum operator applied to the distribution of all
costs spanned by all possible alignments between two time series of variable size. Given the

following generalized minimum operator, subject to a smoothing parameter y =0,

miniSk nia Y = O’
3.3) miny(ry,...,7) =
—ylongzl ey >0,

the soft-DTW score is defined as:

3.4) SDTW,(X,Y)=min"{{n,D(X,Y)),n €II}.

The original DTW score is obtained by setting y = 0.

Global Alignment Kernel: Global Alignment Kernel (GAK) [16] measures the similarity
between two multidimensional time series X, Y. On top of D(X,Y), the GAK is computed as:



(3.5) GAK,(X,Y)= Z exp(

mell

—(ﬂ,D(X,Y»)
— )

In comparison to DTW, in order to find the alignment score of two time-series, instead of
using the operators (min, +) on the (,D(x,y)) GAK uses the (+,X) operators. According to [16],
the GAK considers the full spectrum of the (7,D(X,Y)), 7 € I1, while the DTW distance considers
only the minimum score. In comparison to DTW and GAK, in order to find the alignment score of
two time-series, instead of using the operators (min, +) (DTW - minimum score) or (+,X) (GAK -
full spectrum of the (z,D(X,Y)),n € I1)), Soft-DTW unifies them with the use of the soft-minimum
operator. More specifically, when y = 0 we retrieve the DTW score while for y > 0 we recover
SDTW, = -ylogGAK,.

A variety of alignment algorithms have been proposed in the literature for the alignment
of time-series such as Connectionist Temporal Classification [44], Needleman—Wunsch algo-
rithm [99], etc. DTW and its variants have been used extensively in recent years for alignment in
works such as learning representations [46, 45] and view-invariant represenations [159], action
alignment & segmentation [14], video-text representation learning [62], etc. We opted to center
our research around the DTW algorithm because it closely matched the focus of our study, and
the community continues to advance this algorithm by incorporating it into neural networks.
Alignment Paths & Distance Matrix: While someone may argue that the alignment path is
always towards the diagonal of the distance matrix this assumption is not always the case. This
holds true for segmented actions that have been observed in their entirety and no unnecessary
movements (such as e.g. standing still for a large amount of time) occur anywhere in the action.
For all the other cases (such as ex. unsegmented actions, partially observed actions, etc.) the

alignment path can occur anywhere in the distance matrix.

3.4 Early Fusion of Human and Object Representations

The aforementioned variants of DTW operate on the distance matrix D(X,Y) of time series
X and Y, which, for notational convenience, will be denoted with D. In the human-object
interaction scenario we are considering, this distance matrix is defined as follows. First, we

construct a distance matrix Dy which results from the frame-wise comparison of the part of



the representation that contains the information regarding the human. We also construct an
analogous distance matrix Dy which results from the frame-wise comparison of the part of
the representation that contains the information regarding the object with which the human
interacts. This study is only evaluated using only rigid objects. Deformable obejcts have not been
examined in the scope of this work. Then, the distance matrix D on which DTW operates is

defined as:
(3.6) D= (XHDH+6¥0D0.

In the above equation, ay and ap are weighting factors that may be dataset-dependent, but have
been defined experimentally and commonly for all employed datasets. If the two compared actions
involve objects of the same class, then az = ap = 0.5. If the two compared actions involve objects
of different classes, then az = 0.7 and ap = 0.3. The intuition behind this choice is that the same
action can be performed by using different objects (e.g., reach, move, etc). Therefore, actions can
still be compared, but with giving emphasis on the part of the representation concerning the
humans rather than the objects. If no objects are present in the scene, then agy =1 and ap =0.
Finally, in the case that one of the actions involve an object and the other does not, a7 =3 and
ao = 0. Essentially, the two actions are again compared on the basis of the human performance,
but the mismatch on the presence of objects is penalized by a large ay value.

In the observed scene, several objects may be present. From those, we consider the one that
is closest to and/or manipulated by the actor. One limitation of this choice is that we cannot
take into account actions involving more than one object. However, ongoing research beyond the
scope of this paper indicates that the extension of our approach towards handling more that one
manipulated objects is feasible. Another limitation and future extension of our work lies in the
need to know the start frame of an action. The generalization of our approach towards handling

unsegmented actions is another topic of ongoing research.

3.5 Experimental Evaluation

3.5.1 Datasets & feature representations:

The proposed framework is evaluated on 3 standard datasets with different characteristics.

MHAD Dataset [101]: Contains 11 actions (jumping in place, jumping jacks, bending, punching,



waving one hand, waving two hands, clapping, throwing a ball, sit down and stand up, sit down,
stand up) performed by 12 subjects. The majority of the actions do not involve objects (with the
exception of the action “throwing a ball”). The database provides motion capture data containing
the 3D positions of 43 LED markers, which have been processed to obtain 3D skeletal data of 30

joints. The standard evaluation split is used as in [101].

Features: The MHAD [101] dataset contains the 3D positions of skeletal joints. Based on these
3D positions, we build a human body representation as proposed in [120] and also used in [104,
84]. Specifically, a human pose is represented as a 30 + 30 + 4 = 64D vector. The first 30
dimensions encode angles of selected body parts with respect to a body-centered coordinate
system. The next 30 dimensions encode the same angles in a camera-centered coordinate system.
The representation is augmented with the 4 angles between the fore- and the back-arms as well

as the angles between the upper- and lower legs.

MSR Daily Activity 3D Dataset [149]: Consists of 16 actions (drinking, eating, reading a book,
speaking on cellphone, writing on paper, using a laptop, using a vacuum cleaner, cheering up,
sitting still, tossing paper, playing a game, lie down on the sofa, walking, playing the guitar,
standing up and sitting down) performed by 10 subjects. Every subject performs each action
twice, once sitting on a sofa and once standing. We followed the experimental settings of [157,

119].

Features: The dataset contains the 3D skeletal joint positions for all the human joints. We
consider only the 9 upper body joints due to the fact that the data for the lower body are quite
noisy. The 3D upper skeletal joint positions are calculated to be invariant to the body center.
The invariant 3D joint positions are concatenated with the 3D joint angles. The 3D joint angles
are represented as a 30D vector. The 30 dimensions encode angles of selected body parts with
respect to a body-centered coordinate system [120] but we are taking into account only the angles
that correspond to the upper body. For the objects in this dataset, we employed the YoloV4 [11]
trained on ImageNet in order to acquire fast and accurate labels and 2D positions of the objects
in the scene. We densely annotated the training part of the MSR-Daily dataset and re-trained the
YoloV4 [11] on the MSR Daily Activities dataset. The invariant 3D upper skeletal joint positions
are 27D and the 3D joint angles that correspond to the upper body are 18D. The positions of the

objects are 2D. Thus, each frame of a video is represented as a 27 + 18 + 2 = 47D vector. The joint



and object positions are divided with the torso-head distance.

CAD-120 Dataset [66]: Contains activities performed by 4 subjects, which can be subdivided
into 10 sub-activities. The subjects perform the activities with different objects. Activities are
observed from different viewpoints. The sub-activity labels are: reach, move, pour, eat, drink,
open, place, close, clean, null. We are experimenting on the sub-activity labels using the standard

4-fold cross-validation as in [66]

Features: We used a set of features based on [66]. We employ ground truth annotations for the
semantic labels, bounding box information, and 3D poses of the objects, as well as labels and
3D positions for tracked human body joints. To represent the trajectory of each object and body
joint within a video, we encode their relative 3D positions in each frame, using the torso joint
as a reference point. We divide the 3d joint and object positions with the torso-head distance.
Specifically, to represent human motion we use the location of each of 8 joints (24D), the distance
moved by each joint (8D) and the displacement of each joint (8D). For representing objects we
used their 3D centroid location, the distance moved by the object’s centroid (1D), the displacement
of the object’s centroid (1D) and the distance between each joint location and the object centroid

(8D). In total, a frame of a sequence is represented as a 53D vector.

3.5.2 Performance metrics:

We measure the action prediction accuracy as a function of the observation ratio, i.e., the
percentage of the part of the action that has been observed and compared to action prototypes. In

our experiments, the observation ratio ranged from 10% to 100% in steps of 10%.

3.5.3 Evaluation of DTW variants:

We evaluated the three DTW variants presented in Sec. 3.3 with respect to their action prediction
accuracy on all three datasets. During testing, every query sequence is compared to all sequences
in the training set. We employed a publicly available [50] implementation of DT'W,, and the
implementations of the DTW variants that reside in the Tslearn toolkit [127]. The parameter y
was experimentally set equal to 0.1 for the (MHAD, MSR) datasets and to 0.01 for the CAD120
dataset. As it can be observed in Fig. 3.1, DTW,, outperforms SDTW by a great margin in the
MHAD and CAD120 datasets. In turn, SDTW clearly outperforms GAK. This holds true for all
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Figure 3.1: Comparison of DTW,,, SDTW and GAK on the MSR (upper left) CAD-120 (upper
right) and MHAD (down) datasets.

three datasets, regardless of whether they involve humans in interaction with objects (MSR,
CAD120) or not (MHAD). Moreover, the superiority of DTW over the rest two variants is dominant
especially in lower observation ratios. This shows the potential of the method for accurate and

early action prediction.

3.5.4 Evaluation of alternative representations:

We evaluated the impact of action representations on action prediction. More specifically, we
investigated three different experimental conditions, (a) representations that involve only the
joints of the human actor (b) representations that involve only the class and the motion of the

involved objects and (c) their early fusion, as presented in Sec. 3.4. Figure 3.2 (left, middle)
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Figure 3.2: Action prediction results for different representations. (Upper left) MSR Daily Activi-
ties Dataset, (Upper right) CAD-120 Dataset. (Down) Action prediction accuracy of our method in
comparison to state of the art methods on the MSR Daily Activities Dataset.

shows the results we obtained in the MSR and the CAD120 datasets!, respectively. As it can be
verified, the early fusion of the actor and object representations outperforms any of the individual
representations in predictive power, by a vast margin (from a minimum of 10% to a maximum of

40%).

3.5.5 Comparison to the state of the art:

Figure 3.2 (right) presents a comparison of our approach to other competitive methods on the
MSR dataset. Specifically, we are comparing to the work of Reily et al. [119] and to that of Alfaifi
et al. [3]. As it can be observed, we outperform [119] at all observation ratios and [3] for all

observation ratios greater than 40%.

IMHAD is not included in this investigation as the vast majority of its actions do not involve human-object
interactions.



To the best of our knowledge, there are no reported quantitative results for action prediction
on the CAD120 dataset. We only report action classification results from the very recent method
of Mavroudi et al. [92] that achieves an action classification accuracy of 90.4% which can be
compared to the action prediction results of our method in the case of an observation ratio of
100%.

Similarly, there are no reported quantitative results for action prediction on the MHAD
dataset. For action classification, the very recent method of Qin et al. [114] achieves an accuracy
of 100%, compared to the action classification accuracy of 96% of our method, for an observation
ratio of 100%. Interestingly, an action prediction accuracy of more than 90% is achieved by our

method, even when a small portion of the activity has been observed (observation ratio of 20%).

3.6 Summary

Our approach to tackling the challenge of predicting human-object interactions revolves around
the innovative concept of aligning fused, frame-based action representations of both human
subjects and objects. We've ingeniously cast the complex task of action prediction into the realm
of aligning these multidimensional time-series representations. Through this framework, we
seamlessly integrate the dynamic interplay between human actions and object interactions,
creating a holistic perspective that encapsulates the intricacies of the scenario.

This alignment process, pivotal to our approach, is executed through a Dynamic Time Warping
(DTW)-based methodology. This technique effectively captures the temporal alignment and
assesses the similarity between these fused action representations. Our study meticulously
evaluates three distinct DTW variants within the context of predicting human-object interactions.
To ensure the robustness and applicability of our framework, we conducted extensive evaluations
on three widely recognized datasets, providing a comprehensive and reliable assessment of its
performance.

In addition to scrutinizing the DTW variants, we dedicated a substantial effort to quantita-
tively analyze the significance of fusing human-based and object-based action representations.
This investigation sheds light on the collaborative influence of these representations in the
context of prediction accuracy. The results we obtained through rigorous experimentation present

a compelling argument: the DTW,, variant emerges as the superior performer among all tested



variations. Furthermore, the fusion of these representations has a remarkable impact on enhanc-
ing the predictive potential of our framework.

Our approach surpasses conventional methods and achieves notable success when compared to
recently published competitive action prediction techniques. This success is not only attributed to
the effectiveness of DTW,, but also underscores the pivotal role of fusing human and object action
representations. In essence, our work represents a significant leap forward in predicting human-
object interactions, offering a powerful framework that harnesses both temporal alignment and

comprehensive representation fusion to increase accuracy in predictive modeling.
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CHAPTER

ACTION PREDICTION IN TRIMMED/UNTRIMMED SEQUENCES

he task of aligning actions in videos has been addressed using algorithms like Dynamic

Time Warping (DTW) and Soft Dynamic Time Warping (S-DTW). These methods excel

at matching actions that are divided into segments. However, they face a difficulty
when aligning actions that are continuous and unsegmented, occurring between other actions.
To tackle this challenge, we employ two variations of DTW: Open-End DTW (OE-DTW) and
Open-Begin-End DTW (OBE-DTW). OE-DTW aligns actions with known starting points but
unknown endpoints, while OBE-DTW deals with actions that are completely unsegmented,
having unknown start and end points.

In this study, we harness the strengths of S-DTW, OE-DTW, and OBE-DTW to introduce
two novel DTW versions: Open-End Soft DTW (OE-S-DTW) and Open-Begin-End Soft DTW
(OBE-S-DTW). These variants combine the flexibility of boundary constraints from S-DTW with
the capacity of OE-DTW and OBE-DTW to handle unsegmented actions. This fusion results in
more precise and differentiable alignment of ongoing actions within continuous, unsegmented
videos.

To validate our approach, we subject our new algorithms to action prediction tasks using
well-established datasets such as MHAD, MHAD101-v/-s, MSR Daily Activities, and CAD-120.
The outcomes of our experiments demonstrate that the proposed algorithms outperform existing

methods for video alignment.
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In practical scenarios, cameras capture actions from diverse perspectives, speeds, and per-
formers. Temporal video alignment algorithms are employed to synchronize these actions despite
such variations. These algorithms find applications in areas like assessing action quality, co-
segmenting actions, and retrieving specific frames.

The core of these alignment algorithms involves representing videos as time series, where
each frame is depicted as a vector within a feature space. Our primary focus centers on aligning a
test action’s time series with a reference action’s time series using DTW and S-DTW. While these
techniques excel with segmented actions, actions are often not neatly segmented. We introduce
OE-DTW and OBE-DTW to effectively manage actions with either known or unknown start and
end points.

Building on this foundation, we propose OE-S-DTW and OBE-S-DTW, which meld the smooth-
ness of S-DTW with the endpoint handling abilities of OE-DTW and OBE-DTW. These new
variations find value in training neural networks to align partially or fully unsegmented input,
representing an innovative use of soft DTW methods. These methods effectively isolate ongoing
actions for alignment with reference actions.

Our proposed algorithms are employed to tackle the challenge of action prediction. We
transform continuous videos into time series using features like skeletal data or deep features
extracted from RGB video data. These unsegmented inputs are matched with reference action
time series to predict ongoing actions before they conclude. Moreover, our methods can even
forecast when these ongoing actions will come to an end.

In our experiments, OE-S-DTW showecases its effectiveness for segmented action sequences,
replacing OE-DTW when differentiability is crucial. Meanwhile, OBE-S-DTW and OBE-DTW
surpass other algorithms in segmented sequences and exhibit significant superiority in predicting

actions in unsegmented sequences—a more complex and true-to-life scenario.

4.1 Problem description

The core issue addressed in this study is the prediction of actions, which is tackled using newly
introduced segregational soft DTW variants. Specifically, the task involves converting continuous
video data into time series featuring distinct attributes. This transformation is achieved using
either skeletal data-derived features or deep features extracted from RGB video data through a

VGG-16 network. The input, which can be partially or entirely unsegmented, is matched against



a collection of similarly represented reference action executions. The aim is to identify the best
match, enabling predictions for ongoing actions even before their completion. Additionally, the
anticipated conclusion time of the ongoing action can also be foreseen as a secondary outcome.
Let the test (query) action sequence X be represented as X = (x1,...x;) € R**! and the refer-
ence video Y be represented as Y = (y1,...,ym) € R**™. The Euclidean distance of frames x and y
is defined as d(x,y) and is used to create the distance matrix D(X,Y) = [d(x;,y;)];; € RI*™ con-
taining all pair-wise frame distances. The cumulative matrix that is based on D and represents
all path-based alignments I1 of X and Y, is denoted as C(X,Y) = {{(r,D(X,Y)),n € I1; ,,,} where II
represents all the alignments connecting the upper-left to the lower-right of the distance matrix.
Given this notation, in the following sections we elaborate on the existing and proposed action

sequence alignment algorithms.

4.2 Existing alignment methods

The minimum cost of aligning two time series in their entirety is given by DTW [130] at the last
index of the cumulative matrix C(X,Y). The alignment score is normalized with the size of the

query. The DTW alignment cost is defined as:

4.1) DTWX,Y)=minzenCX,Y).

Open-End Dynamic Time Warping (OE-DTW) [143]: is a variant of the original DTW [130].
This algorithm is useful when the query and reference sequences share the same start but since
an action can be completely observed and the other partially observed they do not share the
same endings. The cumulative matrix is calculated using the asymmetric pattern as follows:
C(xi,yj) = D(x;,y;) + min(C(xi-1,y;),C(x;-1,¥j-1),C(xi_1,y;j-2)). The alignment can end at any
point at the last row of the cumulative matrix. The values are normalized by the size of the
query. The alignment score is given by the minimum value in the last row. The alignment cost of

OE-DTW is defined as:

4.2) OE -DTW(X,Y)=minj-1._nDTW(X,Y)).



Open-Begin-End Dynamic Time Warping (OBE-DTW) [143]: OBE-DTW refers to the DTW
variant which allows the matching of one sequence with a part anywhere inside the second
sequence. To achieve this, a row with zero values is appended at the beginning of the distance
matrix and the computations are performed as in OE-DTW. The new cumulative matrix is
denoted as C'(X,Y). The values are normalized by the length of the query. The back-tracing of
the minimum-cost path starts from the minimum value of the last row and ends at the first zero-
valued row. We introduce the zero-valued row at the end to facilitate the removal of irrelevant
matches occurring at the beginning of the reference sequence. This row serves the purpose of
easing the constraints related to the starting point of the alignment process. The alignment cost

of OBE-DTW is defined as:

(4.3) OBE -DTW(X,Y)=min -,

Soft Dynamic Time Warping (S-DTW) [17]: S-DTW is an extension of the original DTW
algorithm. In contrast to DTW which takes the minimum cost alignment path, S-DTW takes into
account all possible alignments. The cumulative matrix C(X,Y) is created by allowing horizontal,
diagonal and vertical moves. The cumulative matrix is padded at the top with a row and at the
left with a column so that C; o =Co ;j =ocofor all i,j #0 and Co o =0.

The alignment cost of S-DTW is defined as:

4.4) SDTW,(X,Y)= min}’ZErI CX,Y),
with

miniSk ﬂi, Y = O’
(4.5) min”(mq,...,7m8) =

—ylongzl e y>0,

where y = 0 is a smoothing hyper-parameter.

4.3 Proposed alignment methods

Open-End Soft DTW (OE-S-DTW): Based on the OE-DTW and the S-DTW, we propose OE-S-

DTW, where instead of aligning two sequences to their entirety, we align them partially by having



Figure 4.1: Graphical illustration of the OE-S-DTW algorithm. On the horizontal axis we can
observe a man performing an activity. On the vertical axis a woman is performing the same
activity which is not yet completed. The light pink boxes represent the possible alignment paths
while the black arrows represent a possible path. The two sequences share the same starting
point but end at different points. The OE-S-DTW algorithm is able to match the partially observed
activity with a part of the completely observed one.

them anchored at the beginning, while their endpoints are free. We start by calculating the
distance matrix which contains the pairwise distances of the sequences X and Y. The cumulative

matrix is calculated using the min? operator as follows:

C(xi,y;) =D(xi, yj)+
(4.6)

min?(C(x;-1,y7),C(x;-1,¥;-1),C(x;, yj-1)).

The alignment path can terminate at any point of the last row of the C matrix. The scores at the

last row are normalized by the size of the query and the alignment value is the minimum of the
last row. Then, the gradient is calculated from that point backwards to the common start point to
find the alignment between the two time series. The final OE-S-DTW score is also normalised by

the size of the matched reference. The alignment cost of OE-S-DTW is defined as:

(4.7) OE-S-DTW(X,Y)=min!_, _ SDTW,(X,Y)).



A graphical illustration of the OE-S-DTW algorithm is presented in Fig. 4.1.

Open-Begin-End Soft Dynamic Time Warping (OBE-S-DTW): shares the same alternations
as the OBE-DTW. Upon calculating the distance matrix D(X,Y), a row of zero values is appended
at the beginning of the distance matrix creating D'(X,Y). Concluding the process at the zero-
valued row enables us to filter out insignificant matches occurring at the beginning of the
reference sequence. The inclusion of this row serves the purpose of loosening the constraints
on the starting point for alignment. The cumulative matrix C’ is calculated by using the min”

operator as follows:

C'(xi,y;) = D'(xi,y/)+
(4.8)
minY(C'(x;-1,¥;),C'(xi-1,¥-1),C'(x;,j-1)).

The last row of C’ is normalized by the size of the query. The alignment cost is the minimum

value of the last row. Then, the gradient is computed from that point towards the zero-valued
row and ends when it reaches it. The size of the matched reference corresponds to that range.
The gradient gives as the alignment matrix, all possible alignments. Once the alignment path is
obtained, we normalize the alignment cost with the size of the matching part of the reference

sequence. The alignment cost of OBE-S-DTW is defined as:

(4.9) OBE-S-DTW(X,Y)=min!_,  C'X,Y).

An illustration of the OBE-S-DTW algorithm is provided in Fig. 4.2.

4.4 Alignment-based action prediction

Action prediction is defined as the problem of inferring the label of a partially executed action.
We define the action observation ratio to be the percentage of the action that is already observed.
In our experiments, the observation ratio varies in the range [10%,100%]. When the observation
ratio equals to 100% then the whole action has been observed. In this case, the problem of action

prediction becomes identical to the problem of action classification.



Figure 4.2: Graphical illustration of the OBE-S-DTW algorithm. The activity illustrated at the
left (rows) matches a part of the activity illustrated on the top (columns). At the top a zero-valued
row is added. The light blue boxes represent all possible alignments while the black arrows show
a possible warping path.

To perform video-based action prediction, we represent the videos of executed actions as
multidimensional time series. Given time series representations of several prototype executions
of certain actions, and an incomplete video execution of one of these actions, we cast the problem
of action prediction as a problem of aligning/matching the incomplete action execution to the
prototype ones. The label of the closest matching prototype action is reported as the predicted
label of the incomplete action.

In more detail, the unknown label L(®) of a time series representation of an incomplete action
@ is inferred through the alignment/matching of incomplete and prototype actions. A set of K
time series P!, 1 <i <K, corresponds to prototype videos with labels L(S;). The alignment cost of

two time series X, Y is denoted as Cost(X,Y). Thus:

(4.10) L@ =L(arg minp: 1<k (Cost@,P")).
The proposed methodology can infer the label of an incomplete/query video § by determining

which prototype/reference video S* has the minimum alignment cost with @. This is is done

through the proposed Dynamic Time Warping variants. The label of @ is set to L(P?).



4.5 Datasets & Metrics

Within this section, we will provide an account of the characteristics inherent to each dataset, out-
lining the specific features employed for analysis. Additionally, we will delve into the performance

metrics utilized and address any implementation considerations.

4.5.1 Datasets

For the evaluation of the proposed methods we employ four standard benchmark datasets which
contain trimmed and untrimmed action executions of humans interacting with objects. Action
representations encode the human body/object pose and the class of the manipulated object. In
general, we test our algorithms with skeletal (i.e., motion capture) 3-D data and features, but also
with RGB-based features extracted by a VGG-16 neural network. We follow the approach of our
work which was introduced in Chapter 3 regarding the fusion of human and object representations
for the computation of the distance matrix of two action sequences. Specifically, the representation
fusion is done by employing a weighted sum of the individual distance matrices of the human
and object representations. The weights depend on the class of the manipulated objects. If no
objects are present in the scene, we use only the human pose representations. In case there are
several objects in the observed scene, following [86], we consider the object that is manipulated

by and/or closest to the actor.

MHAD Dataset [101]: Contains trimmed executions of 11 human actions. Only one of them
(“throwing a ball”) involves human-object interaction. The actions are performed by 5 female
and 7 male subjects in different execution styles and speeds. The actions are: jumping in place,
jumping jacks, bending, punching, waving one hand, waving two hands, clapping, throwing a ball,
sit down and stand up, sit down, stand up. 3D skeletal data of 30 joints have been acquired from
a motion capture system that provide 3D positions of 43 LED markers as well as RGB and depth
frames. The first 7 subjects are used as the reference sequences while the last 5 subjects are used
as the test sequences. The same evaluation split is used as in [101] and our previous work (see

Chapter 3).

Skeletal features: Based on the 3D skeletal data of the 30 joints provided by the MHAD dataset,

we employ the same human body representation as in [120, 104, 84]. Body-centered and camera-



centered features are employed resulting in a 60-dimensional vector. This vector is extended by 4

angles representing angles encoding the fore- and the back- arms and upper- and lower legs.

VGG features: For this type of data we opted to utilize the data provided in [8]. From a VGG-
16 [139] network, 1-D feature vectors are extracted from the last fully-connected layer, resulting
in a feature vector of 2048 dimensions for each frame of the sequence. For the RGB frames
the network is not fine-tuned and the learned weights are maintained from the training on
ImageNet [21]. In the case of optical flow the VGG-16 layers are fine-tuned starting from the last
2-D layer and above on optical flow data from the KTH dataset [132], freezing the rest with the

weight values from ImageNet [21].

MHAD101 Dataset [104]: Contains concatenated actions from the MHAD dataset in order to
form longer sequences of multiple actions. To alleviate possible ambiguities, the action labeled
as sit down/stand up is excluded as it is a composition of the actions sit down and stand up.
In the MHAD dataset each action is repeated five times by each subject but in this dataset
only the first execution of an action by each subject is used. The skeletal data provided by the
MHAD dataset are used and down-sampled to 30fps. The aforementioned actions (excluding
the action sit-down/stand-up) are used for creating larger sequences of actions. The synthesised
MHADI101 dataset contains 101 pairs of action sequences. In the first 50 paired sequences, each
sequence consists of 3 concatenated action clips (triplets) and the paired sequences have exactly
1 in common. In the rest pairs of actions sequences, 4 to 7 actions are concatenated in a long
sequence. In all the synthesised sequences the style and duration variability are promoted by
using different subjects in forming different triplets. The lengths of the sequences range between

300 to 2150 frames.

Skeletal features: We use the MHAD101-s version of MHAD101 which contains skeletal features.
We used only the first 50 pairs of action sequences. By splitting these 50 pairs, we extracted
100 action sequences where each of them contains 3 concatenated actions. These actions are

synthesized from the same features that are described in Section 4.5.1.

VGG features: We use the MHAD101-v version of MHAD101 which contains the RGB videos of
the same triplets as in MHAD101-s. We then extract features from the VGG-16 network as in [8].



We took into account all the available frames without down-sampling to 30fps.

MSR Daily Activity 3D Dataset [149]: Contains 16 trimmed executions of human-object
interactions in two different settings, standing up and sitting on a sofa. The actions are: eating,
speaking on cellphone, writing on paper, using a laptop, using a vacuum cleaner, cheering up,
sitting still, tossing paper, playing a game, walking, lie down on the sofa, playing the guitar,
reading a book, standing up, drinking and sitting down. The standard evaluation split is used as

in [157, 119, 86].

Skeletal features: Following our previous work in Chapter 3, we represent the dataset with 3D
joint angles and 3D skeletal joint positions. The 3D joint angles are based on the work of [120].
Due to the noisiness of the lower body data, only the upper body joints are used thus resulting
in a 30-dimensional feature vector. The 3D joint angles are augmented with the 3D skeletal
joint position of the upper body that are invariant to the body center resulting in a 27 + 18
= 45-dimensional vector. The object class and the 2D object position are acquired through the
YoloV4 [11] algorithm as in our previous work in Chapter 3. The final feature vector per frame is

47-dimensional.

CAD-120 Dataset [66]: The CAD-120 dataset contains long and complex activities of human-
object interactions. The activities are performed by male and female subjects and filmed from
varying viewpoints. Moreover, the same actions are performed with different objects in order
to induce variability in the executions. These activities can be trimmed in actions based on the
provided ground truth data. The dataset provides annotations regarding the activity and action
labels, object labels, affordance labels and temporal segmentation of activities. The action labels
are: reach, move, pour, eat, drink, open, place, close, clean, null and the activities are: arranging
objects, cleaning objects, having meal, making cereal, microwaving food, picking objects, stacking
objects, taking food, taking medicine and un-stacking objects. The manipulated objects are:cup,
box, bowl, plate, microwave, cloth, book, milk, remote, medicine box. The standard 4-fold cross

validation split is used as in [66, 86, 155].

Skeletal features: We use ground truth annotations for the semantic labels, bounding box in-
formation, and 3D poses of the objects, and also labels and 3D positions for the upper body

joints. To represent the trajectory of each object and body joint within a video, we encode their



relative 3D positions in each frame, using the torso joint as a reference point. The joint and object
positions are divided by the torso-head distance. The feature vector representing the CAD-120
dataset contains the 3D location of 8 upper body joints, the distance moved by each joint and their
displacement. The objects are represented using the 3D centroid location, the distance between
the object centroid and each of the 8 human joints. Also, the distance moved by the object and
the displacement of the object’s centroid. These features are also employed in [66] and our work

introduced in Chapter 3.

4.5.2 Performance metrics

The observation ratio of each video is ranging from 10% to 100% with step equal to 10%. The
accuracy of the predicted action label is measured by comparing the partially observed video with
the prototype videos. Action prediction is quantified using standard metrics such as F1-score,

precision, recall and Intersection-Over-Union (IoU).

4.5.3 Implementation issues

For OE-DTW and OBE-DTW we employed a publicly available implementation'. The imple-
mentations of OE-S-DTW and OBE-S-DTW were based on the S-DTW implementation in the
Tslearn toolkit [127]. The parameter y was experimentally set equal to 1 for all datasets through
evaluation in the range [0.001 , 1].

The Segmental DTW implementation is provided by [103, 105]. The parameters of the
Segmental DTW algorithm are set according to [103] where it is recommended the minimum
length of a warping path to be half the length of the smallest action. Our experiments showed
that if the minimum length is set too small, the algorithm ends up with smaller paths that do not
represent an alignment. If the minimum length is very high, the algorithm is unable to align
videos in the case of small observation ratios.

For our comparison with the work of Cao et al. [12] we need to stress the fact that we
are not comparing directly with the full OTAM framework. The comparison is based on the
alignment algorithm that creates the distance matrices and finds an alignment path between two
sequences and classifies to the reference video that minimizes the alignment score. Since there is

no code available for this method, we implemented the alignment component based on the details

Ihttps:/github.com/statefb/dtwalign



provided in the paper. Also, the OTAM framework is only tested in trimmed action videos of fixed
length. In [12] a cosine distance measure is proposed but in the data used in the current work the
Euclidean distance yields the best results for this method. So, the reported results are based on
the Euclidean distance and y value equal to 1. The key differences are the padding with zeros at
the start and end of the distance matrix and the different computation of the cumulative matrix

which is
(4.11) C(xi,yj) =D(x;,yj)+ min"(Clx;-1,¥j-1),C(xi, ¥j-1)).
The alignment score is given at the last index of the cumulative matrix which denotes the

alignment of the sequences in their entirety.

4.6 Experimental Evaluation

To evaluate the proposed OE-S-DTW and OBE-S-DTW algorithms on the task of human action
prediction, we conduct three types of experiments. First, we use these algorithms to perform
action prediction in trimmed action sequences containing one action. In this setting, the proposed
algorithms are used to align and match an action of known start and variable observation ratio
to a set of prototype actions (section 4.6.1). We also compare the performance of the proposed
algorithms to a number of competing methods. In a second experiment, the input is a triplet of
actions and the goal is to predict the label of the middle action under different observation ratios
(section 4.6.2). In this untrimmed video/action setting, both the start and the end of the action
are unknown to the algorithms. Finally, given the capability of the proposed algorithms to predict
the label of the on-going action, we test how accurately they can predict the end-time of that

action (section 4.6.3).

4.6.1 Evaluation in trimmed actions

In this set of experiments we used the trimmed video recordings of the MHAD, MSR Daily and
CAD-120 datasets. In Fig. 4.3, we report results on experiments using skeletal features. We
evaluate the proposed OE-S-DTW and OBE-S-DTW algorithms in comparison to OE-DTW [143],
OBE-DTW [143], Segmental DTW [103] and OTAM [12]. As it can be verified, the performance
of OE-DTW and OE-S-DTW is comparable and both achieve very high accuracy in all datasets.



Moreover, OBE-S-DTW outperforms OBE-DTW by a large margin in the MHAD and MSR Daily
datasets. In the CAD-120 dataset the performance of OBE-DTW and OBE-S-DTW is practically
the same. Note that OE-DTW and OE-S-DTW are aware of the common start of the actions while
OBE-DTW and OBE-S-DTW, do not. Thus, OBE-DTW and OBE-S-DTW have to deal with a
considerably less constrained/more difficult problem.

In the same figure, we can observe the performances of the two competitive methods, Seg-
mental DTW and OTAM. The proposed algorithms outperform both Segmental DTW and OTAM
by a great margin in all datasets.

For the MHAD dataset we also experimented with VGG features. Figure 4.5 shows the
performance of all evaluated algorithms is such a setting. It can be observed that even with
this type of features, the proposed OBE-S-DTW outperforms Segmental DTW and OTAM as
well as OBE-DTW for observation ratio greater than 40%. OE-DTW performs comparably to our
proposed OE-S-DTW variant.

For the MSR Daily Activities dataset, in Figure 4.6, we also compare our approach to the
competitive methods of Reily et al. [119], Alfaifi et al. [3] and Manousaki et al. [86]. As it can be
observed, we outperform [119] and Manousaki et al. [86] at all observation ratios and [3] for all
observation rations greater than 40%.

On top of the results presented above, we also evaluate the current framework on the activities
of the CAD120 dataset. To do so, we compare the performance of the proposed OE-S-DTW and
the OBE-S-DTW methods to several competitive methods [12, 3, 103, 119, 3] and the works of
Wu et al. [155] and Manousaki et al. [87] that hold the state-of-art results. As it can be observed
in Fig. 4.4 the OE-S-DTW alignment algorithm performs generally better than the OBE-S-DTW.
This happens due to the fact that most of the activities start from the same pose so the OE-S-
DTW that has the starting point constraint aligns the sequences more accurately. Generally,
the alignment of activities using the current framework has low performance compared to the
state-of-art. This happens because the activities are more complex compared to the actions.
Additionally, this method has the drawback of taking into account only one object while in these

activities several objects are used.
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Figure 4.3: Action prediction accuracy in trimmed videos as a function of observation ratio
involving skeletal features in the MHAD (Upper left), MSR (Upper right) and CAD-120 (Down)
datasets. We compare the different alignment algorithms which are OBE-S-DTW (proposed),
OBE-S-DTW (proposed), OE-DTW [143], OBE-DTW [143], OTAM [12] and SegmentalDTW [103].

4.6.2 Evaluation in untrimmed actions

The proposed methods are also evaluated in the untrimmed action sequences (action triplets)
of MHAD101-s/-v datasets. In this experiment we explore whether OBE-S-DTW can recognize
an unsegmented action that appears between some other prefix and suffix actions. To do so, the
algorithms progressively observe the whole triplet (3 actions in a row) and aim at segmenting
and recognizing the middle action. To achieve this, in each triplet that is observed, we exclude
the prefix/suffix actions from the set of the reference actions. The prefix and suffix actions are
observed in thirds. The middle action is observed in tenths, so as to have a finer performance
sampling relative to the observation ratio of the test action.

Figure 4.7 (left) shows the obtained results on the MHAD101-s dataset (skeletal features).

In that plot, the two vertical black lines denote the ground-truth start and end of the middle



CAD120 (Skeletal) Activities
— e e e

/

1loo0

8

Accuracy
8

Hu et al. 2018
=g Zhou et al. 2018
Kong et al. 2018

=== Furnari et al. 2020

20 + e Wu et al.2021

=mip= Manousaki et al. 2022 - GTF

=== Manousaki et al. 2022 - OBE-5-DTW
=m= Manousaki et al. 2022 - OE-5-DTW
o T T T T T T T T T

o o o o
t\‘\v %4 \‘0\"'

] (] o (] ]
R L S M M\ o

Observation Ratio

Figure 4.4: Activity prediction results on the CAD120 dataset.
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Figure 4.5: Action prediction accuracy in trimmed videos as a function of observation ratio
involving VGG-16 features in the MHAD dataset.

action. High accuracy during the prefix denotes the ability of the algorithm to recognize that the
algorithm correctly identifies that the sought action has not yet started. High accuracy during
the suffix denotes the successful recognition of the middle action inside the triplet. As it can
be observed, this experiment is not suited for the OE-DTW and OE-S-DTW variants which
fail completely to segment and identify the middle action. OBE-S-DTW clearly outperforms
OBE-DTW and all other evaluated algorithms by a large margin.

The same experiment is held using the MHAD101-v dataset using the VGG-16 features
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Figure 4.6: Action prediction accuracy of our methods in comparison to state of the art methods
on the MSR Daily Activities dataset.
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Figure 4.7: Action prediction accuracy in untrimmed videos (video triplets) of the MHAD101
dataset as a function of observation ratio involving skeletal features (MHAD101-s, left) and
VGG-16 features MHAND101-v, right).

(Figure 4.7, right). We observe that overall, the algorithms perform better with skeletal features
than with VGG ones. However, their ranking and relative performance does not change. Thus,
the superiority of the proposed OBE-S-DTW is independent of the type of the employed features.

In Figure 4.8 we also illustrate the precision, recall, F1-score and IoU for the two best
performing algorithms, OBE-DTW and OBE-S-DTW. In all cases, OBE-S-DTW produces better
action alignments and, thus, action predictions.

In an effort to gather further experimental evidence, we ran all the experiments reported in
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Figure 4.8: Performance metrics (F1-score, precision, recall and Intersection-Over-Union) for
OBE-DTW and OBE-S-DTW on the MHAD101-s dataset. Prefix and postfix are denoted with
the black vertical lines. Between these lines lies the action to be predicted which is observed in
tenths.

this section by reversing the videos/action sequences of the evaluated datasets (i.e., observing
them progressively from the end towards the start). Another reason for running this additional
tests was to check whether the specific actions that appear as action prefixes or postfixes affect
the performance of the evaluated algorithms. We report that this change in the observation order
did not affect the performance of the evaluated algorithms and the conclusions of this study.
The OBE-S-DTW algorithm is capable of finding an action anywhere inside a long sequence
of actions, as shown previously, for the MHAD101-s/-v datasets. This was achieved by checking
whether the OBE-S-DTW can recognize an unsegmented action that appears between some other
prefix and suffix actions. We complement those experiments here by observing action triplets not

only from start to finish but also backwards (from the suffix to the prefix). It is noted that in each



observed triplet, the prefix/suffix actions are excluded from the set of the prototype actions.

Performance metrics: The prefix and suffix actions are progressively observed in thirds while
the middle action is observed in tenths. This protocol is used to acquire finer performance
measures for the action of interest. Accuracy is used as the metric for action prediction of the
middle action. F1-score, precision, recall and Intersection-over-Union (IoU) are calculated for all

observation ratios.

Action prediction results: Figure 4.8 shows the F1-score, recall, precision and IoU scores for
the OBE-DTW and OBE-S-DTW algorithms which are the better algorithms overall for aligning
unsegmented sequences. From this plot we can observe that the OBE-S-DTW provides better
alignments.

A comparison of the OBE-S-DTW and OE-S-DTW with the OE-DTW [143], OBE-DTW [143],
Segmental DTW [108] and OTAM [12] is provided in Fig. 4.7 (left) for the MHAD101-s and in
Fig. 4.7 (right) for the MHAD101-v dataset. As it can be observed, the OBE-S-DTW has the best
performance overall.

As mentioned earlier, on top of the results presented above, we evaluate the performance of
the OE-DTW and OBE-S-DTW algorithms on reversed action triplets. In Fig. 4.9 (left) we observe
how the algorithms performs for the MHAD101-s dataset while observing the triplet from start
to end (deep red and deep blue lines) and how they perform while observing the triplet from the
end to the start (light red and light blue lines). In Fig. 4.9, the two vertical black lines denote the
ground-truth start and end of the middle action. High accuracy during the prefix denotes the
ability of the algorithm to recognize that the algorithm correctly identifies that the sought action
has not yet started. High accuracy during the suffix denotes the successful recognition of the
middle action inside the triplet. We can observe a symmetrical effect in the results which means
that observing the triplet from start to end or vice versa does not have a significant impact on the
algorithms. Also, the OBE-S-DTW algorithm consistently outperforms the OBE-DTW algorithm.
The same holds for the MHAD101-v dataset as it can be observed in Fig. 4.9 (right).

4.6.3 Duration Prediction

Being able to forecast the completion time of an ongoing action is an important piece of information

in many vision applications. Our algorithms can derive this information by matching a partially
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Figure 4.9: Aligning unsegmented action sequences on the MHAD101-s/-v datasets using the
OBE-S-DTW and OBE-DTW algorithms. Dark red and blue lines depict the accuracy of the
alignment algorithms while observing the triplets from the prefix to the suffix. The light (red and
blue) lines depict the observation of the triplet from the suffix to the prefix.

observed action to the reference ones and by assuming that this will have the duration of the
closest match. In Figure 4.10 we can see the performance of OBE-DTW and OBE-S-DTW in this
task. For a given observation ratio, we report the end-frame prediction error which is defined as
the discrepancy of the estimated end of a certain action from its ground truth end, as a percentage
of the test action length. When an action is wrongly classified by the algorithm, then a prediction
error of 1.0 (100%) is added. We observe that as the algorithms see more of a certain action
(larger observation ratio) they predict the action end more accurately. Moreover, the proposed

OBE-S-DTW appears to outperform clearly OBE-DTW.

4.7 Summary

Within the scope of this research, we introduced not one, but two innovative temporal alignment
algorithms designed specifically for matching incomplete videos characterized as multidimen-
sional time series. These algorithms have demonstrated their superiority over existing Dynamic
Time Warping (DTW) variations, particularly when it comes to the intricate task of predicting
human actions within both trimmed and untrimmed video contexts.

Our comprehensive experimental analysis has yielded substantial evidence supporting the
increase in performance of our proposed algorithms relative to the existing approaches. These

algorithms exhibit a clear edge in terms of accuracy when compared to established DTW variants.
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Figure 4.10: Percentage of the frames that are lost compared to the ground truth duration of the
action.

This advancement is particularly pronounced within the domain of human action prediction, a
challenge that requires nuanced temporal alignment to effectively anticipate actions in video
sequences.

The impact of our approach is underscored by the results obtained from various datasets en-
compassing both skeletal and deep features. Our algorithms have consistently yielded substantial
accuracy improvements in human action prediction scenarios across a range of datasets, including
MHAD, MSR, CAD-120, MHAD101-s, and MHAD101-v. These datasets span diverse contexts
and complexities, highlighting the versatility and efficacy of our algorithms in addressing the
intricacies of human action prediction.

In essence, our work has introduced a transformative approach to temporal alignment,
enhancing the accuracy of human action prediction within videos characterized by incompleteness.
The algorithms’ demonstrable superiority over established DTW variations, coupled with their
success across multiple datasets, substantiates their potential to be used in numerous frameworks

for the alignment of partially observed sequences.



CHAPTER

GRAPH-BASED ACTION PREDICTION

nticipatory prediction empowers intelligent agents to foresee potential outcomes or

high-risk events in the future. This enables them to proactively plan responses for early

intervention or corrective actions [52, 64, 102]. This skill is especially vital for various
applications, including assistive robots in homes or industries [110], predicting pedestrian or
obstacle trajectories for self-driving vehicles [148], and more. Our research zeroes in on the
prediction of the meaning of an ongoing activity before it is done, as well as predicting the next
active objects that will be involved to complete that activity.

Our proposed approach aims to capture the connections between humans and visible scene
objects in order to predict the types of multiple next active objects the human will interact with
to finish the ongoing activity. Traditional methods have been limited to predicting just one next
active object [22, 37, 35]. Our approach is the first to simultaneously forecast both, the ongoing
activity’s label and all the next active objects that will be used for completion of the activity.

Furthermore, a crucial aspect for such prediction systems is estimating when these next active
objects will come into play. Our method stands out as the pioneer in predicting next-active-objects
alongside their anticipated involvement time in the activity.

Our contribution lies in jointly forecasting the activity and the objects that will partake in
its execution until completion. Rather than focusing solely on predicting interaction points [78,

77, 96] of a next active object, we offer a comprehensive understanding of the activity within the
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context of the human and scene objects. Our method revolves around calculating the dissimilarity
between graphs that represent the components of the activity [107].

Specifically, we depict the human’s body joints and scene objects as nodes in a graph, with
edges representing semantic and motion relations between them. The graph edit distance
(GED) [1] is then utilized to calculate the dissimilarity between these graphs.

We validate our approach on video datasets portraying human-object interactions of varying
complexity. The widely recognized MSR-Daily Activities dataset [149] covers activities involving
none or one object handled by a single person. We further evaluate our method using the CAD-120
dataset [66], which features intricate and extended activities performed by different subjects
using varying objects.

Our proposed method, Graphing The Future (GTF), jointly predicts activity labels and next-
active-objects by assessing video dissimilarity through GED, while also estimating when these
objects will be utilized in the ongoing activity. Our work pioneers the prediction of multiple next
active objects in human-object interaction scenarios. GTF establishes pairwise correspondences
between objects and human joints in comparing videos, based on semantic similarities and spatio-
temporal relationships. This means our predictions remain possible even when interactions with

specific objects have never been observed before.

5.1 Problem description

We introduce the GTF method that jointly tackles the tasks of activity prediction and of next
active object(s) prediction in videos using graph-based representation of an activity and graph
matching technique based on the Graph Edit Distance measure to compare pairs of videos.

The activity prediction task can be defined as the problem of inferring the label of an ongoing
activity before its actual completion. Let an activity, noted as A, that starts at time ¢; and ends
at time ¢., thus has a duration d = ¢, — 5. Its observation time is defined in proportions of 10%
of d. The goal is to predict the correct class as early as possible which implies access to fewer
observations.

We also note the task of next-active-object prediction as the problem of the inference of the
semantic label of an object that will be used in the progress of an activity. Multiple objects may

be used in the progress of a given activity A. Related works [22, 35] predict the next-active-object



Partially Observed Video

Observed Unobserved
Predicted Activity Label:

Stacking Objects

Predicted Next Active Object:

Time

N
/
Fully Observed Video
o f’ /j/ e F~ ‘//j"

Figure 5.1: By matching a partially executed and observed activity, to a prototype, fully observed
one, we are able to infer correspondences of similar objects and human joints between the two
videos. This, in turn, enables to perform activity and next-active-object prediction in the partially
observed activity. The example in this figure refers to the “stacking objects” activity, which is
performed with a different number and types of objects in the partially and the fully observed
activities.

in the segment preceding it’s use, i.e., an amount of time (measured in seconds) before the start
of the action that involves the object of interest.

Our approach relies on a graph-based representation of an activity that is captured in video.
The entities in a video regard the tracked human skeletal joints and the observable/visible
objects. Each video entity is represented as a node of an undirected graph, which also models
both semantic information (object label) and its motion (2D or 3D trajectory). Each graph edge
connecting two nodes represents the semantic similarity and the spatio-temporal relationships
of the interconnected video entities, as described in Section 5.3. Our goal is to devise a novel
approach that is able to identify human joints and/or objects in two different videos, one fully and
one partially observed video, that exhibit similar behaviors and interactions with other entities

using bipartite graph-matching. As shown in Fig. 5.2 a fully and a partially observed video are
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Figure 5.2: Graph matching of a complete video (reference) and an incomplete/partially observed
(test) video. First, the fully connected graphs of each video are created based on the video entities.
On the basis of these graphs, a bipartite graph between the action graphs is constructed. By
calculating the GED, we are able to correspond nodes between the two original action graphs.

represented as two action graphs whose nodes represent the detected and tracked objects and

human joints.

5.2 Graph-based video representation

Video Representation: Given a video of duration T' frames, it can be seen, at an object-level, as
a complete and undirected graph, noted as G =(V,E). In the course of a video, entities such as
human body joints and foreground objects are localized and tracked using 2D or 3D human body
pose estimation and tracking as well as object detection methods, respectively. Each graph node
is noted as v € V and graph edges are noted as e;; = (v;,v;) € E between nodes v;,v; € V, where
i # j. The relations between the nodes describe their dissimilarity in the form of edge weights.
The dissimilarity is described based on the semantic dissimilarity s; and the motion dissimilarity
m;. The edge weight between two connected nodes is defined as the weighted sum of the semantic

and motion dissimilarity as follows:
(5‘1) wijz(l—ﬂt)*mij+)t*sij.

The parameter lamda €[0,1] is user-defined and controls the contribution of the semantic and
motion information. On the extremity of lamda = 0, only motion information is considered while

when lamda = 1, only semantic information is used. In the experimental section of this paper,



we present an investigation of the effect of this parameter on the performance of the proposed

method.

5.3 Video comparison based on Graph Edit Distance

Semantic Dissimilarity: The weights s;; represent the semantic dissimilarity between the
labels of the nodes v; and v;. The node labels are retrieved based on ground truth annotations or
object recognition methods. The semantic similarity of nodes v; and v; with recognized labels /;
and /; is described as S(/;,/;) and is estimated using the WordNet [32] lexical database and the
Natural Language Toolkit [80] to compute the path-based Wu-Palmer scaled metric [156]. The

similarity is in the range (0, 1] with 1 identifying identical words so semantic weight is:
(5.2) s;; =1-8;,1;).

Motion Dissimilarity: Each node in the graph is described by a feature vector which can encode
information such as the 2D/3D human joint location, the 2D/3D location of the object centroid or
any other feature such as appearance, optical flow, etc. The extracted motion features for each
dataset are described in section 5.4.2. The acquired 2D/3D skeletal-based pose features or the
2D/3D object-based pose features are described by a trajectory #(v;) encoding the movement of
the video entity during the activity. A pair of trajectories #(v;) and ¢(v;) can be aligned temporally
using the OBE-S-DTW algorithm (for details about the OBE-S-DTW algorithm see Chapter 4).
The alignment cost of the trajectories #(v;) and #(v;) describes the motion dissimilarity of the
graph nodes v; and v; and is divided by the summation of the length of the trajectory of the
incomplete sequence #(v;) and the length of the trajectory of the reference sequence #(v;) that
matched with #(v;) as proposed by the authors [85]. Thus, the weight m;; of an edge connecting

the graph nodes v; and v; is:

SSDTW(t(v;),t(v;))

(5.3) Mij= len(t(v;) +len(t(vj))

Graph Operations: Having represented one partially observed and one complete video as graphs,
we estimate their dissimilarity by using Graph Edit Distance (GED) [1]. GED is calculated by

considering the edit operations (insertions, deletions and substitutions of nodes and/or edges) that



are needed in order to transform one graph into another with minimum cost. Our GTF approach
is inspired by the approach of Papoutsakis et al. [107] which uses the GED in order to solve
the problem of co-segmentation in triplets of videos. Different from [107] we propose to assess
the GED between a pair of videos in order to perform activity prediction. Comparably to [107]
our approach is based on semantic and motion similarity of the entities but instead of using
the EVACO cosegmentation method [105] to compute the alignment cost of the co-segmented
sub-sequences we employ the SSDTW algorithm [85] to align the trajectories between pairs of
nodes. The SSDTW algorithm has been shown to have better performance in aligning incomplete/
partially observed sequences for the task of action prediction.

We create a graph for each video G; ((I)ncomplete video) and Gr ((R)eference video) and
assess their graph distance. W; and Wg are the dissimilarity matrices of action graphs Gy and
Gr with size Ny x N; and Ng x Ng, respectively, where N; and Nr are the number of vertices of
each graph. As seen in Fig. 5.2 the next step is to create the bipartite graph Gjg of the action
graphs G; and Gg. The edge weights Wy connecting the nodes of graph G to nodes of graph
Gr are calculated using Equation (5.1). In order to calculate the GED on the bipartite graph
we need to employ the Bipartite Graph Edit Distance (BP-GED) which solves an assignment
problem on the complete bipartite graph using the Kuhn-Munkres algorithm [95]. The weights of

. . ON ,N1 WH
the complete bipartite graph G;r are: Wip = where 0, , stands for an x x y

Wal  Ongg,
matrix of zeros. The solution of this assignment problem requires the definition of the graph edit

operations and their associated costs.

Node operations: Consist of node insertions, deletions and substitutions. The cost of inserting

and deleting a node v is:

(5.4) nd;n(empty_node —v;)=1,, ndge;(vi—empty_node)=r1,

while the cost of substitution of node v with node u is:

(5.5) ndgp(; —u;) =1 ! +exp(—ay * Wi, /) +0,)1 L.

27,

The parameters of the cost operations for the nodes where set experimentally to 7, =0.4, a, = 0.1



and o, =0.0.

Edge operations: also consist of insertions, deletions and substitutions. The costs of inserting

and deleting an edge from node n of graph G to node u of graph Gp is:

G G G G
(5.6) ein(eij’ —e f)=1,, edel(eij’ — e t)=1,.

Finally, the cost of edge substitution is defined as:

1 Wi, )+ W, -1
(5.7 esb(e(i};'l . egﬁ;): [g +exp (_ae ) I(l7J) - r(m,n) +0_e)] .
e

The parameters of the cost operations for the edges where set experimentally to 7, = 0.3,

a,=0.1 and o, =100.

Action distance: The dissimilarity between a pair of graphs (G;,Gr) is computed by the BP-
GED which calculates the exact GED [1]. With GED the minimum edit operations are calculated
for transforming graph G to graph Gg. The dissimilarity, denoted as BP-GED(G;,GR), in the
work of [107] is normalized by the total number of objects. This normalization is effective when
looking for commonalities between videos but is ineffective for activity prediction. In our work we
need to be flexible in the number of objects that can be used during an activity while discarding
irrelevant objects. In order to achieve this, we found that the best option is to normalize by the
number of pairs of matched objects (MO). This helps us to assess our method on the objects that
are important for the prediction and discard objects that may be present but with no use in the

activity performed. Thus, the dissimilarity D(Gj,Gg) of graphs G, G is defined as:

BP-GED(G,GRr)

(5.8) D(G1,Gr) = 70



5.4 Datasets & Metrics

5.4.1 Datasets

MSR Daily Activity 3D Dataset [149]: The activities contained in this dataset involve human-
object interactions in trimmed video executions. The dataset contains 16 activity classes the
executions of which are performed by male and female subjects, the first time by standing up and
the second by laying down. The dataset contains the 3D locations of the human body joints. The

evaluation split of the related works [119, 86, 85] is used for a fair comparative evaluation.

CAD-120 Dataset [66]: Contains complex activities that represent human-object interactions
performed by different subjects. The activities are performed using 10 different objects and are
observed from varying viewpoints. Each of the 10 activities contains interactions with multiple
object classes in different environments. The dataset provides annotations regarding the activity
and sub-activity labels, object labels, affordance labels and temporal segmentation of activities.

The split of the related work [155] is used for a fair comparative evaluation.

5.4.2 Feature Extraction

The employed datasets are recorded from a third-person viewpoint, therefore they provide
information for the whole or upper body of the acting subjects. We decided to align with our
previous work (Chapter 4) and consider only the upper body human joints for both datasets. For
the MSR Daily Activity 3D Dataset the features used are the 3D joint angles and 3D skeletal
joint positions [85]. Object classes and 2D object positions are obtained from YoloV4 [11]. For the
CAD-120 Dataset the 3D location of the joints of the upper body are used. As for the objects, the
ground truth labels are used along with their 3D centroid locations [86, 85]. For more details see

Chapter 3.

5.4.3 Evaluation Metrics

Activity Prediction: Activities are observed in a range from 10% to 100% of their total duration

with steps equal to 10%. At every step, the accuracy of the predicted activity label is evaluated
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Figure 5.3: Observing the activity and making object predictions for [2s, 1.75s, 1.5s, 1.25s, 1s,
0.75s, 0.5s, 0.25s] before the beginning of the next action as in [35].

compared to the ground truth.

Next-Active-Object Prediction: At variable time steps before the start of the next segment (see
Fig. 5.3) where the next-active-object will be used, we estimate the accuracy of the predicted
object label compared to the ground truth label. Also, we calculate the time at which the next-
active-object will be used in the activity. For the aforementioned time steps the prediction error is
calculated as the difference of the predicted time of use and the ground truth time, divided by the
length of the video.

5.5 Experimental Results

In this section, we will assess the predictive abilities of the GTF framework when applied to
actions that are only partially observed, as well as its performance concerning the prediction
of the next active object. Additionally, we will examine the influence of the A parameter on
determining the balance between semantic and motion information utilization. Lastly, we will
extend our evaluation to encompass two novel tasks: forecasting the timing of use of the next

active object and predicting multiple next active objects.

5.5.1 Activity Prediction/Early Recognition

Activity label prediction is performed by considering observation ratios in chunks of 10% until the
end of the video. The label prediction at 100% can be regarded as activity recognition. The test
video is compared with all the reference videos by calculating the GED and is assigned to the label
of the minimum. In Fig. 5.4 (left) a comparison of our method against the competitive methods

for the MSR dataset is shown. Our method outperforms the works of Cao et al. [12], Alfaifi et
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Figure 5.4: Activity prediction results for the (left) MSR Daily Activities and (right) CAD-120
datasets for different observation ratios.

al. [3] and others [103, 119, 3] by a large margin. Our work also outperforms our previous method
presented in Chapter 4 (here mentioned as Manousaki et al. [85]) by a large margin at small
observation ratios. Results of the competitive methods are taken as shown in [85].

CAD-120 is a challenging dataset due to the number of objects and their interchangeability in
different executions of activities. In this dataset, our method outperforms the works of Manousaki
et al. [85], Furnari et al. [35] and other competitive methods [65, 166, 51] by a large margin.
It also outperforms the approach of Wu et al. [155] that holds the state-of-art performance, for
all observation ratios greater than 20% (see Fig. 5.4, right). The results of the [65, 166, 51] and
[155] methods are taken from the work of Wu et al. [155] while for our previous work (Manousaki
et al. [85] - Chapter 4) we trained and tested using the activities (instead of actions) with the
parameters mentioned in that paper.

In Figure 5.4 we can observe that the GTF method outperforms our previous work Manousaki
et al. [85] - Chapter 4 on the CAD-120 dataset but the same does not apply to the MSR dataset
for the majority of the observation ratios. The MSR dataset contains one object per action while
the CAD-120 contains multiple objects per action. This difference is explained by the fact that
the GTF method is designed to handle multiple objects while our previous work is designed to

handle only one object (the closest to the user).
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Figure 5.5: Exploration of the user-defined A parameter on the CAD-120 dataset. The values of
the A parameter are in the range [0,1]. Some curves may be partially visible due to occlusions.
Plots are separated in two figures to aid readability.

H H Next-Active-Object Prediction Accuracy H
Time 2.00s 1.75s 1.50s 1.25s 1.00s 0.75s 0.50s 0.25s

RULSTM [35] 18.6% 18.6% 18.0% 18.6% 18.6% 19.3% 20.0% 22.0%
GTF (Proposed) | 87.0% 87.0% 86.6% 89.1% 90.0% 91.0% 95.0% 97.0%

Table 5.1: Next-active-object prediction accuracy for [2s, 1.75s, 1.5s, 1.25s, 1s, 0.75s, 0.5s, 0.25s]
before the beginning of the next action for the CAD-120 dataset.

5.5.2 The impact of parameter 1

Edge weights are determined based on the proportion of the semantic and motion information
they convey. This proportion is quantified by the user-defined parameter A (see Equation (5.1)).
In Fig. 5.5 we present results that explore the impact of 1 on the performance of our approach
on the CAD-120 dataset. When A = 0 (only motion features) and A =1 (only semantic features)
the results are alike in terms of having the lowest ability to make accurate predictions. Their
combination carries a lot more information and gives the best results. Some values are not visible
in the plots because for different values of the A parameter, accuracy values remain the same.

After experimental evaluation, the best value across datasets is A =0.8.

5.5.3 Next-Active-Object Prediction

Our method is designed to accommodate videos captured from a third-person viewpoint as we
need to have a view of the human joints and the surrounding objects. The most related work

to ours is the work of Dessalene et al. [22] which is currently limited only to egocentric videos.



This does not allow for a comparison with that approach. We compare our method to the recent
work of Furnari et al. [35]. This work performs on both egocentric and third-view datasets and
is the method that [22] compares with. Their performance is comparable for the task of next-
active-object prediction. However, instead of following their experimental scheme and evaluating
only the accuracy of the prediction of the next-active-object, we also evaluate the accuracy of
the prediction in relation to the time prior to the start of the action where the next-active-object
will be used. Predictions are made in the range [2s, 1.75s, 1.5s, 1.25s, 1s, 0.75s, 0.5s, 0.25s]
before the beginning of the action (see Fig. 5.3). As seen in Table 5.1 our method can correctly
predict more objects as we move closer in time while [35] can predict less accurately the objects
and is not affected by the time horizon. By comparing the graph of the partially observed video
with those of the reference videos, the pair of graphs that have the smaller graph edit distance
and object correspondences between the graphs are estimated (test and reference videos may
have different number of objects). The work of Furnari et al. [35] is tested using the CAD120
dataset and the publicly available implementation. We extracted the 1024-dimensional features
by using TSN [151] and calculated object features using the ground truth annotations. Their code
accommodates the extraction of predictions at different seconds before the beginning of the action

as described above.

5.5.4 Next-Active-Object Time Prediction

Another aspect of great importance is the ability to forecast the time at which the object will
be used in the activity. With the use of the GTF method we are able to compare the partially
observed video with the reference videos from the training. After finding the pair of graphs that
have the smaller graph edit distance, we acquire the information about object correspondences.
This ability to infer the object correspondences between the two videos allows us to have the same
number of objects between the videos in order to perform video alignment with the use of SSDTW.
The alignment provides the ability to find the point of the reference video that corresponds to the
current point in time in the test video (matching point). This projection of time from the reference
video to the test one, permits the forecasting of the time at which the next-active-objects will be
engaged in the interaction. The prediction error is calculated as the offset of the predicted time of
use from the ground truth time of use of the next-active-object compared to the duration of the

video. The error is calculated upon the correct predictions of the next-active-object. In Table 5.2



H CAD120 H Next-Active-Object Time Prediction Error H

Time 2.00s 1.75s 1.50s 1.25s 1.00s 0.75s 0.50s 0.25s
GTF (Proposed) || 0.471 0.463 0.46 0.457 0.443 0.405 0.36 0.325

Table 5.2: Time prediction error is the offset of the predicted time of the next-active-object use to
the ground truth time of use compared to video length. Predictions are made from 0.25s to 2s
prior to the start of the next action.

H CAD120 H Multiple Next-Active-Objects Prediction Accuracy

Observation Ratio 10% 20% 30% 40% 50% 60% 70% 80% 90%

GTF (Proposed) 41.7% 43.2% 45.6% 45.6% 47.1% 47.1% 48.6% 50% 55.9%

Table 5.3: Accuracy for predicting multiple next-active-objects for different observation ratios.

we observe that this error is low, which means that we are able to accurately predict the time at

which the next-active-object will be used in the activity.

5.5.5 Multiple Next-Active-Objects Prediction

Our method is capable of predicting not just one, but multiple next-active-objects. These predic-
tions can be performed at different observation ratios from 10% to 90% (an observation ratio equal
to 100% means that the whole video is observed, so next object prediction is not defined). The
accuracy for each observation ratio for the predicted next-active-objects is presented in Table 5.3.
The prediction is made through the correspondence of the objects between the reference and test
graphs. By knowing the order in which the objects in the reference video are used, we can infer
the order in which the objects of the test video will be used. After finding the matching point (see
the previous section) we can infer the order of the matched objects from that point till the end.
Prediction of multiple next-active-objects is challenging due to long time horizons involved and

the related increased uncertainty.

5.5.6 Ablation Study
5.5.6.1 Temporal alignment

We evaluate the performance of OE-S-DTW and OBE-S-DTW on the problem of activity prediction
when employed on the proposed graph-based framework Graphing The Future (GTF). As it can
be observed in Fig. 5.6 the OBE-S-DTW algorithm helps the GTF method achieve much better
results compared to the use of the OE-S-DTW algorithm. This method considers multiple objects



for the task of activity prediction. The motion weights with the use of OE-S-DTW and OBE-S-
DTW are calculated for each pair of nodes in the action graphs and the bipartite graph. The
boundary constraint of OE-S-DTW is not an advantage in this setting where objects can be used
at different points in time and in mixed order. More specifically, the decrease in accuracy as we
move towards bigger observation ratios is happening due to the OE-S-DTW not being able to
match activities where there are motion differences in the executions of the actions due to the

constraint in matching the first points of the two sequences.
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Figure 5.6: Activity prediction results on the CAD120 dataset using the GTF framework. The
OBE-S-DTW and OE-S-DTW algorithms were used to quantify the motion dissimilarity of the
entities involved in the considered activities.

5.5.6.2 Duration Prognosis

Knowing the label of an ongoing action before its completion is a very useful capability. In certain
situations, it is equally important to be able to predict the time at which the currently observed
action/activity will end. As proposed in the SSDTW (Sec. 4.6.3), action duration prognosis is
defined as the prediction of the time remaining until the completion of the currently observed
action. Currently, in the framework of SSDTW the duration prognosis has been evaluated only
on the MHAD101-s dataset (see also Fig. 5.7). We extend this evaluation by performing duration
prognosis of actions and activities on the MSR and CAD120 datasets, respectively.

Performance metrics: For a given observation ratio, we report the end-frame prediction error
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Figure 5.8: (Left) Action prediction results for the MSR Daily Activities dataset. (Right) Prognosis
of the duration of the partially observed actions for the MSR Daily Activities dataset.
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Figure 5.9: (Left) Activity prediction results for the CAD120 dataset. (Right) Prognosis of the
duration of the partially observed activities of the CAD120 dataset.

which is defined as the discrepancy of the estimated end of a certain action/activity from its
ground truth end, as a percentage of the test action length. When an action/activity is wrongly

classified by the algorithm, then a prediction error of 1.0 (100%) is added.

Action duration prognosis results: Figure 5.7 shows the results of duration prognosis on the
triplets of the MHAD101-s dataset, as presented in [85]. We can observe that the OBE-S-DTW
has smaller error rates across all observation ratios compared to OBE-DTW.

We also report the evaluation of duration prognosis on the actions of the MSR dataset.
Figure 5.8 (left) show the relevant action prediction results while in Fig. 5.8 (right) the results
of the duration prognosis are presented. The OBE-S-DTW is the best choice for this dataset
across the different frameworks. The higher the action prediction accuracy, the lower the duration
prognosis error. As the observation ratios increase more meaningful alignments are established
thus matching with actions of similar temporal duration. While the prediction accuracy of
the different frameworks is similar, we observe differences in the end-frame prediction error.
This happens because the test actions get classified to different reference actions thus having

variability in their predicted temporal duration.

Activity duration prognosis results: Complementary to the duration prognosis for actions, we
extend the experimental evaluation of duration prognosis on the activities of the CAD120 dataset.
In Fig. 5.9 we present the results of activity prediction and duration prognosis of the SSDTW
and the GTF framework on the CAD120 dataset. As it can be observed, the OE-S-DTW performs



better than the OBE-S-DTW in the framework of SSDTW while the opposite holds true for the
GTF framework. As explained earlier, these frameworks handle different numbers of objects.
Thus, depending on the framework, the dataset and its characteristics, different alignment
algorithms should be employed. Moreover, moving forward onto the timeline we can see that the
end-frame prediction error is decreasing for both algorithms, as they observe a larger portion of

the test activity.

5.6 Summary

In our research, we unveiled a novel methodology called Graphing The Future (GTF), which
revolutionizes the way we match both complete and partially observed videos by leveraging
a graph representation. This innovative approach capitalizes on Bipartite Graph matching
techniques to establish connections between videos and exploit their inherent temporal dynamics.
Central to our approach is the representation of human joints and objects as distinct nodes within
the graph, while the edges between these nodes capture the intricate interplay of semantic and
motion-based similarities.

The significance of this framework becomes evident as we showcase its capability to not only
predict activities but also anticipate the next active object within a given context. By adopting this
graph-centric formulation and computational process, we achieved groundbreaking advancements
in the field of predictive modeling. Our results consistently outperformed existing benchmarks,
underscoring the effectiveness of the GTF method in enhancing the accuracy and reliability of
activity and object prediction tasks.

Furthermore, we tackled the challenging task of forecasting the timing at which the subse-
quent active object will come into play, along with the complex scenario of predicting multiple
next active objects. This extension of our approach showcases its adaptability and versatility in
addressing nuanced aspects of predictive modeling, which holds great promise for real-world
applications.

The intrinsic ability of our approach to account for both partial observations and complete
videos, coupled with its effectiveness in handling time-sensitive and multifaceted predictions,

positions GTF as a trailblazing solution in the realm of video-based predictive modeling.
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CHAPTER

ACTION FORECASTING/ANTICIPATION

nticipating future actions during an observed complex activity is a critical ability that
enables humans to recognize intended goals and outcomes to proactively plan and
engage in interactions with other humans and the environment in a timely, efficient,
and safe manner. We accomplish this task naturally by perceiving visual information and learning
from a few activities as well as based on self-experimentation; thus, it encompasses harnessing
relevant kinematic and contextual knowledge rooted in perception, personal experience, and
skills. These competencies are regarded as fundamental constituents of human intelligence.
Deriving effective solutions for similar competencies is also beneficial to Al-enabled agents
and robots that operate in industrial and domestic environments in a multitude of real-world
applications [64]. In particular, the anticipation of near or long-term future actions can efficiently
be used to advance autonomous navigation or driver-assistance systems, leverage the ability
of industrial or home/socially assistive robots towards fluent human-robot collaboration and
interaction, drive optimization of industrial workflows and enhance human safety through
real-time hazard/anomaly identification to preemptively signal alerts and aids [98].
To empower Al agents with such abilities, researchers have focused their efforts on video-
based human understanding showing remarkable results on the tasks of recognition, detection,
and short- or long-term prediction/anticipation of actions during long, composite activities [64].

Of these challenging tasks, the most recent and notable is action anticipation, which entails
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past actions S current action > anticipated action
(observed) (partially observed) (unobserved)

take put check align take
bolt | bolt | booklet objects | screw |

| Tore=1s '

Observed actions | Anticipation time

Figure 6.1: We consider the problem of action anticipation in untrimmed videos of procedural
activities. At a certain moment in time (decision point), the proposed framework (VLMAH) [88]
anticipates the action (i.e., the unobserved action “take screw”) that is most likely to be performed
after some anticipation time T',,; (depicted with orange color). This is performed on the basis of
the history of all past actions up to the decision point (depicted with purple) which is modeled by
integrating visual input regarding the immediate past and a linguistic description of the distant
past.

predicting the label of the following action(s) based on partial observation of the ongoing action
and knowledge/observations of recent action history [121, 19], as shown in Figure 6.1. The ability
to utilize information regarding the recent history of observed actions is essential for inferring
potential action proposals for the anticipated (subsequent) action at the decision point T, prior
to its expected start time. This is referred to as anticipation time and is significant because it
provides valuable information and a record of the temporal sequence of actions leading up to the
anticipated action.

We identify the following questions towards this challenging task, which effective solutions
have to deal with by assessing the best trade-off between the complexity of spatiotemporal visual

feature modeling and the accuracy performance of action anticipation:

¢ How much of the action history should be considered to accurately predict future actions

during complex activities?

¢ What is the most efficient way to model the temporal ordering of action history (past

actions)?

¢ What information modalities could enhance action anticipation accuracy?



We address the challenging problem of anticipating the label of the next action/verb/noun and
answer these important questions in the context of instructional activities by combining visual
and linguistic information of actions observed during an ongoing activity considering both its
recent and distant past. This is because retaining past information, thus modeling action history,
is crucial for the predictability of the future. The visual features are very informative but tend to
have high storage and computational cost, so retaining large amounts of visual features of past
actions is not always feasible. On the other hand, language-based action descriptions are more
coarse in nature but more efficient in terms of storage and processing time. Our method leans
toward combining the best of both worlds by fusing high-cost visual features for the recent past
and low-cost language features for the distant past.

We explore action anticipation in the context of procedural activities, where variations of the
temporal ordering of actions are usually more constrained. Based on that, it is not surprising
that the majority of existing works [41, 42, 158, 97, 79, 126, 165, 123, 53] aspire to tackle
this problem using video datasets [19, 18, 73, 140, 69, 136, 116, 10] containing procedural
activities. For instance, EpicKitchens [18] is one of the largest and most popular video datasets,
among others [73, 140, 69, 135, 167], deals with the task of action anticipation featuring videos
of cooking activities. Another popular domain of instructional activities that regard complex
assembly activities [136, 116, 10, 54, 70, 106] in the context of industrial and non-industrial
scenarios.

In particular, we focus on videos of assembly activities using the Meccano [116] and the
Assembly-101 [136] video datasets. Those two can are considered complementary with respect
to the types of the target activities, as participants in the former are provided with specific
instructions to accomplish the assembly process of a toy vehicle, whereas in the latter participants
were free to disassemble a fixed toy vehicle and then to assemble it from its parts, following a

less constrained process.

6.1 Problem description

The task of predicting upcoming actions presents considerable complexity, with the structure and
efficacy of prediction closely tied to the chosen time window for these anticipations. Specifically,
the ability to predict actions is contingent upon the selection of decision points in time (referred

to as timesteps) that occur before the initiation of the subsequent action segment.



To comprehensively evaluate the performance of our proposed framework, we adopt the
evaluation protocol detailed in the research by Furnari et al. [35]. This protocol involves generat-
ing predictions at eight distinct anticipation timesteps preceding the onset of the near-future
expected action. Referred to as 7,,;, this collection of anticipation times encompasses discrete
values spanning from 2s to 0.25s, with each increment being 0.25s. Significantly, the upper
threshold of this range, specifically 0.25s, closely aligns with the commencement of the predicted
action. This evaluation setup ensures a thorough examination of the framework’s predictive

capabilities across a diverse set of time horizons.

6.2 Visual-Linguistic Modeling of Action History framework

The proposed Visual-Linguistic Modeling of Action History framework, noted as VLMAH, is
shown in Figure 6.2. It features a two-stream three branch deep neural network model design that
comprises (a) a vision-based action anticipation sub-network, (b) an activity-level sub-network
for temporal modeling based on natural language processing (NLP), and, (c) a vision-based action
recognition sub-net. The action anticipation visual sub-net is able to estimate the next action
given the visual representation of the current/ongoing action segment exploring the short- and
long-term action dynamics. The action recognition sub-net exploits the same input to provide
estimates for the current action class. Additionally, the NLP-driven activity-centric sub-net is
responsible for the long-range temporal modeling of the relation of the current action to the
previously observed actions to learn a stochastic model of the forthcoming action.

The last stage of the architecture combines the two representations (visual action anticipation
sub-net & language modeling sub-net) to anticipate one of the following events, (a) the next action
(fine-grained label description), (b) the active object of the next segment (noun), or (c) the next

motion motif (verb).

6.2.1 Visual Action Anticipation Module

Given an input sequence x; of the action y; of an activity video sample X; = {x1,...,xny} — Y, the
visual action-anticipation sub-net aims at learning the representation of the on-going action at a
segment-wise level, that will enable the prediction of the forthcoming action y;,1. To achieve this,

the proposed module follows a multi-branch design that operates on an ensemble of different



vision-driven representations of the characteristics of the entire scene or of the key to the action
scene elements, such as the actor’s body-part regions or the appearance states of the active-object.

On a technical basis, each branch of the proposed multi-branch design comprises a two-layer
Bidirectional LSTM (BiLSTM) temporal encoder, followed by a Fully-Connected (FC) layer, that
further encodes the representation into a [1 x 256] feature vector. Finally, the representations
of all branches are fused via concatenation and forwarded to a FC layer that generates the
final representation, which encodes the action segment into a [1 x 1024] feature vector. To form
the inputs of this sub-net, we follow a sparse uniform sampling policy on the input sequence.
Regarding the case of visual scene representation in the two datasets of interest, every single
action of the action sequence that represents the activity has been encoded using a segment-wise
temporal encoder network!. Therefore, it corresponds to the feature-based representation of a
segment formed based on the adjacent frames. This formulation scheme of the sub-net input
enables the modeling of both short- and long-term appearance variations of the scene elements in

the learning process.

6.2.2 Linguistic Action History Module

We argue that the knowledge of the preceding action occurrences, noted as action history, is
important for learning to estimate at a certain time in the video, the label of the next-anticipated
action (action forecasting /anticipation) or of the active object in that action, as it provides
efficient, discriminative features to opt among potential candidate targets. We address this issue
using a compact textual description of the preceding actions, in the compact form of action
labels, compared to captions that feature extensive textual descriptions of actions. The sentence-
based textual description of the preceding actions is processed using the NLP sub-network
that comprises a Word Embedding layer followed by the same layer set as the branches of
the action-centric visual module. This representation forms a [1 x 256] feature vector, which is
concatenated with the representation of the action-centric module. The combined representation
is then forwarded to a set of two FC layers to provide estimations on the next action/object class.

Delving into this representation of the action history, we restructure each label (length,
semantic complexity, part-of-speech element position (verb, noun, adverb)), in a specific lexical

format depending on the task at hand (action, motion verb, or noun anticipation), to facilitate the

1For example, in Assembly-101 each action instance has been encoded using the effective Temporal Shift Module
(TSM) [75]



learning process. Specifically, in the case of the verb (coarse motion motif) or noun (next-segment
active-object) anticipation, we may have to deal with actions of a similar motion and object basis
but of a different type of object upon which the action is performed. For example, consider the
actions, screw a screw with hands and screw a screw with screwdriver. When asked to predict the
key object(s)? of the next anticipated action, the action history module should maintain the key
objects of the preceding action segments, and therefore the knowledge that the tool-medium is of
no importance in this coarser anticipation problem. A similar convention is also considered for
the task of predicting only the coarse motion motif label for the next action.

Under this premise, for the tasks of verb/noun next-segment prediction we restructure the
available lexical information/labels of actions by discarding parts of the labels that refer to the
usage of extra tools (annotated as nouns) to implement the corresponding action, i.e. the action
labels are restructured to follow the format action verb + noun. In fact, this meta-processing
of action labels that allows for a decoupled prediction of the next action verb or next action
object(noun), is a common practice followed by the recent datasets targeting isolated motion
motif or next-segment object prediction (e.g. Assembly-101 [136]). If such an action label format
is available for the dataset in question, this label restructuring is skipped. The gain from such
lexical decomposition is that the prediction task becomes simpler since the number of classes
decreases, due to the fact that labels sharing the same action verb or action object (noun) are
being merged, which allows for more samples to be associated with the specific motion motif or
object state. Finally, in the case of the next action prediction (entire action context), we do not
restructure the initial labels since the entire context of the preceding action labels is required to
disambiguate between actions that share the same motion and object characteristics but differ

on the execution medium.

6.2.3 Visual Action Recognition Module

The two aforementioned modules can be regarded as independent action anticipation models.
In addition, a visual action recognition model is incorporated independently which during the
inference stage operates on the same input sequence, denoted as x;, as the action y;. The purpose
of this model is to provide estimates specifically for the current action y; and fill the language-

based action history.

2As key objects we refer to objects that affect the outcome of the activity, e.g. in a toy assembly activity on the
parts that can alter the result.



Since the purpose of this model is to fill the action history, it remains independent from the
action anticipation modules without any influence or connection, it can be trained separately
and applied during the inference stage of the framework. In this work, instead of developing and
training an action recognition module from scratch, we leverage the capabilities of state-of-the-
art (SOTA) action recognition models that have been documented in the existing literature for
each dataset. This approach is motivated by our objective to construct a visual-linguistic action
anticipation framework, which can benefit from the advancements achieved by action recognition

models specific to each dataset, thereby enhancing its overall performance.
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6.3 Experimental Setup

We evaluate the proposed framework on three popular datasets of procedural activities. The main
characteristics of the datasets are described in this section, such as the target activities, camera
viewpoints, annotation data as well as multi-modal data and features provided (Section 6.3.1),
followed by the evaluation protocols.

The experimental evaluation for the proposed framework follows a two-way narrative. Firstly,
the generation of the action history module involves simulating the prediction scores of a realistic
action recognition model on a given dataset. This step aims to showcase the performance of
the proposed model in relation to the latest advancements for each dataset. Subsequently, the
complete potential of the proposed model is presented by populating the action history module
with past predictions obtained from an ideal visual action recognition model for each respective
dataset. We should note that the realistic visual action recognizer performance follows the
current SOTA action recognition scores reported for each examined dataset. Finally, we conduct
experiments regarding different portions of the linguistic action history in order to assess the
effect of the different sizes of the action history on the anticipation capabilities of the proposed

framework.

6.3.1 Datasets

Meccano [116] is a multi-modal egocentric dataset created to study the interactions of humans
and objects in industrial settings during instructional activities. Twenty different participants
were requested to build a toy model of a motorbike. There exist 20 object classes, which include
16 classes that categorize 49 different toy components, 2 tool classes namely the screwdriver
and the wrench, the instructions booklet, and a special class, noted as a partial model, for the
under-construction toy object. Also, the dataset contains 12 verb classes and 61 action classes. In
total, 20 videos are provided, 11 of which are used for training while the rest 9 videos are used
for validation and testing.

The main goal for generating the dataset is to capture the human behavior from an egocentric
perspective to gain knowledge about the interactions in industrial settings during instructional
activities. The dataset provides multimodal data captured simultaneously with a custom headset
that consist of RGB videos, depth maps and gaze signals and annotations tailored to the needs

of five human behavior analysis tasks namely: action recognition, active objects detection and



recognition, egocentric human-objects interaction detection, action anticipation and next-active
objects detection. Twenty (20) different participants were requested to built a toy model of a
motorbike. There exist 20 object classes, which include 16 classes that categorize 49 different toy
components, 2 tool classes namely the screwdriver and the wrench, the instructions booklet and
a special class, noted as partial model, for the under-construction toy object. Also, the dataset
contains 12 verb classes and 61 action classes. In total, 20 videos are provided, 11 of which are
used for training while the rest 9 videos are used for validation and testing.

Meccano dataset provides gaze, object-centric features, and hands-centric features. The former
type of features are computed based on the occurrences of the objects in each frame following the
work of [36, 35]. Gaze features have been obtained by weighting the object-centric features with
the distance between the center of objects bounding boxes and the gaze position in the image.
The hand annotations of the dataset that contain the bounding boxes of both hands were used as

hands-related features.

Assembly-101 [136] is a large-scale video dataset for the analysis and understanding of proce-
dural activities regarding assembling and disassembling 101 "take-apart" toy vehicles captured
from multiple viewpoints. In total 362 unique data sequences were captured synchronously by 4
egocentric and 8 static cameras and annotated with more than 100K coarse and 1M fine-grained
action segments, targeting the challenging tasks of action recognition, action anticipation, tem-
poral action segmentation, and mistake detection. Participants were instructed to disassemble
and then assemble a toy vehicle without any instructions, which enhances the variability of the
temporal ordering of actions performed by the participants during the procedural activities. A set
of 90 object classes is considered that includes 5 tools together with the "hand". Also, 24 verbs
are included along with the object classes form 1380 fine-grained action classes. A 60% of the
available videos is used for training, while the rest 15% and 25% are utilized for validation and
testing, respectively. Of the 101 toys, 25 of them are shared between all splits which sets the
dataset even more challenging. For the RGB input, 2048-D frame-wise features are calculated

using TSM [75] with an 8-frame input.

50Salads [140] is a multi-modal third-person instructional dataset of cooking-related activities.
Each one of the twenty-five different participants is preparing two mixed salads. The dataset

provides RGB videos, depth maps, accelerometer data, and high-level and low-level activity



annotations. The dataset consists of 17 action classes. We report top-1 accuracy averaged over

the 5 pre-defined splits following the work of [121].

6.3.2 Training, Testing & Input Configurations

As noted in Section 6.2, the structure of the action-centered temporal modeling sub-network
follows a three-branch design, that acquires three vision-centered input sequences.

For the Mecanno dataset [116], input refers to the available feature representations for a)
Gaze, b) Objects, and c) Hands.

For the Assembly-101 [136], the available TSM [75] features for the RGB videos are utilized,
which refer to frame-wise [1 x 2048] feature vectors. We restructure this representation to fit in
the action-centric visual anticipation sub-net, as follows: a) split feature vectors into a set of two
[1 x 1024] feature vectors to drive input to the first two branches and b) uniform sub-sampling
is applied on the feature vector of the current frame of size [1 x 2048] into a [1 x 1024] and then
calculate discrepancies between the sub-sampled feature representation of the previous frame to
form the input feature vector for the third branch.

For 50Salads [140] we utilized pre-extracted 13D features from [29, 121], which correspond to
frame-wise [1 x 2048] feature vectors, which were restructured in the form described for the ones
of the Assembly dataset.

Regarding the training configurations, the batch size was set to 4 for all datasets. The loss
minimization is performed using the Adam optimizer, with a learning rate of 0.001. The input
sequence length was set to 8 frames, while a random clip cropping sampling scheme was utilized.
During the inference phase, we simulated the performance of the realistic visual action recognizer,
by exploiting the SOTA performance of SlowFast [31] for Meccano, with 49.66% top1l accuracy, of
TSM [75] for Assembly101 with 39.2% topl accuracy, and, of Therbligs [23] for 50Salads with

76.5% topl accuracy.

6.4 Experimental Results

6.4.1 Action Anticipation

Predicting future actions is a challenging task, while modeling and performance greatly depend

on the designated time horizon of the predictions. More specifically, predictions can be made



at different decision points in time (timesteps) prior to the start of the next segment. In order
to establish an extensive performance assessment of the proposed framework, we adopt the
evaluation protocol reported in Furnari et al. [35] where predictions are made at 8 different
anticipation timesteps before the start of the near-future anticipated action. Noted as 74,;, the
set of anticipation time refers to discrete values in the range of [2s,0.25s] for a timestep of 0.25s,

while the upper limit of this interval, that is 0.25s is closest to the start of the anticipated action.

Meccano: For the prediction of each action, the input to our framework regards information
originating from the selected anticipation time point and runs backward, toward the start of the
video (see Figure 6.1). As described in the previous sections, we exploit visual information related
to the recent past (visual-action module) for modeling the short-term action history and the
long-term past based on the use of the linguistic action history module. We report the Top-1 and
Top-5 accuracy of the predicted action of the next segment, according to the [116]. In this work,
the authors proposed the RULSTM framework [35] to anticipate the next action. We employ the
publicly available code® of RULSTM for Meccano to replicate the experiments and also provide
accurate results for the prediction of the noun and the verb of the next action-segment. We
utilized a combination of information based on haze, object-centric and hand-centric features
that are provided by [116], as those are the most discriminative features according to their

experimental evaluation.

3https://github.com/fpv-iplab/MECCAND
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We evaluate the proposed VLMAH framework for action forecasting using different antic-
ipation timesteps (see Table 6.1), and under the use of a realistic and an ideal (oracle) action
predictor (denoted as VLMAH and VLMAHgr respectively) for past actions that populate the
action history subnet. Under the use of a realistic visual action recognizer for past actions, our
framework is compared to [116] which is the baseline and currently the SOTA method for the
Meccano dataset. Our method outperforms the SOTA in Top-1 accuracy for the noun, verb and
action scenarios for almost every anticipation time, by a considerable margin. We present to have
a slight decrease in performance in the Top-5 accuracy for the verb and action scenarios. This
happens due to the impact of the action recognizer in the linguistic action history from which we
draw information for making predictions. Our accuracy margin increases significantly from 4.1%
up to 9.05% if we consider an ideal (oracle-like) visual action recognizer that feeds the linguistic
action history module with the true past action classes. This also means that any improvement

in action recognition accuracy is expected to directly benefit action anticipation, too.

Assembly101: In [136] that have also introduced the Assembly-101 dataset, action anticipation
is performed at the fixed timestep 7,,; = 1s. To assess action anticipation performance in [136],
the TempAgg [134] method is used*. Both the VLMAH and the TempAgg methods are trained
to generate predictions at anticipation time 7,,; = 1s that are evaluated using the Top-1 and
Top-5 accuracy measures. Since the test split of the dataset is not yet available, we train and test
both methods on the training and validation splits, respectively, using the egocentric viewpoint
and data captured by the e4 camera which yields the best results according to the experiments
reported in [136]. Both the proposed VLMAH and the TempAgg methods have been trained/tested
on data captured by this specific viewpoint.

Table 6.2 presents the accuracy results at 7,,; = 1s. We provide two results for our frame-
work. We compare our work with the state-of-art on Assembly-101 dataset, the TempAgg [134]
framework. Our work is a single-task learning framework so for a fair comparison we test Tem-
pAgg [134] under two learning settings, a multi-task and a single-task. The single-task setting is
denoted with * in Table 6.2. The proposed approach outperforms state-of-the-art performance for
the verb, noun, and action predictions by a large margin for this large and challenging dataset,

even in the case that the linguistic action history module is not used. In particular, by using a

4Code provided online at https://github.com/assembly-101


https://github.com/assembly-101

Top-1/Top-5 Accuracy% @ 1,,; = 1s
Method Noun Verb Action
TempAgg [136] 17.19/55.65 24.20/75.38 08.62/27.73
TempAgg [136]* 18.99/57.29 28.52/77.16 09.00/29.79

VLMAH 27.70/54.37 42.17/82.52 14.18/30.95
VMAHgr 22.68 [ 55.32 40.59 |/ 85.11 13.14 33.98
VLMAHgT 55.27 [ 83.89 61.12 / 93.03 34.26 58.89

Table 6.2: Top-1/Top-5 accuracy results of [136] and the VLMAH variants on the Assembly-101
dataset for anticipation time 7,,; = 1s, with or without the use of the linguistic action history
module. TempAgg* denotes the single-task learning variant.

Top-1 Acc% @ 14, = 1s

Method Action
DMR [147] 06.20
RNN [28] 30.10
CNN [28] 29.80
TempAgg [134] 40.70
AVT [41] 48.00
VLMAH 43.58
VLMAHgr 55.49

Table 6.3: Top-1 accuracy results on the 50Salads dataset for the anticipation time 7,,; = 1s.

realistic visual action recognizer to populate the action history module, an increase in accuracy of
13.65% for the verb prediction, 8.71% for the noun prediction, and 5.18% for the action prediction
for 74,; = 1s was reported. Similarly to Meccano, the use of an oracle-like visual action recognizer
to verify/correct past estimates in the history module further increases the action anticipation
performance of the proposed method. Even if we use only the visual information (VMAH), we

outperform the TempAgg* framework in general for a minimum of 4% up to 12%.

50-Salads: In Table 6.3 we present the accuracy scores at 7,,; = 1s, and compare our proposed
framework with recent works that tackle action anticipation in this dataset. We can observe that
under the use of a realistic action, recognizer to validate/correct the past action estimates stored
in the action history module, our method is only surpassed by AVT [41] (= 4%), with our proposed
action anticipation method however, having a vastly lower number of trainable parameters, and

ease in adapting/incorporating the current action recognition advancements in each dataset.



6.4.2 How much history is enough?

In this study, we conducted ablation analyses to evaluate the performance of our proposed
framework under various scenarios that pertain to the linguistic action history module’s role
and the required amount of linguistic action history to enhance the predictability power of the
framework. Despite the fact that action history can obtain long-term information faster and with
less cost compared to the visual features one question to be answered is “how much history is
enough?”. To answer this we evaluate our framework on the Assembly-101 dataset with different
lengths of linguistic action history. From the previous sections, we have acquired the results of
the evaluation of our framework with the full linguistic history of the observed actions®. In this
experiment, we assess our framework by reducing the linguistic history to different percentages.
The history percentages are in the range from 0% to 100%. Zero percent indicates the use of the
VMAHgr framework while all the other percentages imply the use of the VLMAH g7 framework
with different percentages of action history. In this experiment, we use the VLMAHg 7 instead of
VLMAH in order to assess the effect of the available size of action history in case no errors from
the Visual Action Recognition module are present in the action history. As seen in Table 6.4, the
results differ between the action and the verb/noun predictions considering different amounts of
observed history.

Initially, all experiments were performed using 100% of the textual action history, which
referred to a memorization capacity of 854 actions (slowest assembler). Our experiments show
that, for the task of fine-grained action anticipation (full label), considering the entire linguistic
history was the best strategy since it allowed us to disambiguate between cases of candidate
actions that exhibited high similarity in their preceding action history.

In contrast, for the prediction of the coarse-grained verb and noun classes our experiments
indicate that considering a more recent history is the best strategy. We observe that considering
a larger percentage of the action history on these cases introduces noise that results in a
considerable decrease in prediction accuracy, potentially due to similarities in the sequence of
verb/noun transitions between different assembly scenarios. This is a valid assumption since, as
stated in Section 6.2.2, in these tasks the initial action labels were restructured into a two-part-

of-speech label (verb+noun). This way, we discarded the fine-grained context of the label that

5A full history refers to the number of actions the slowest assembler from the training set performed to complete
the assembling task.



Top-1/Top-5 Accuracy% @ 7,,; = 1s

History Noun Verb Action

0% 22.68/55.32 40.59/85.11 13.14/33.98
1% 56.98/83.35 62.33/92.78 28.49/53.69
12.5% 56.86/84.08 62.83/93.40 28.20/51.38
25% 53.86/83.03 62.92/93.06 28.96/53.15
50% 56.92/84.54 63.99/93.16 27.13/51.02
75% 56.19/84.53 63.20/93.21 29.83/53.75
100% 52.16/83.81 61.12/93.03 34.51/58.44

Table 6.4: The Topl and Top5 accuracy scores achieved by the proposed framework using variable
lengths of the linguistic action history on the Assembly-101 dataset. Zero percent (0%) is
equivalent to the use of VMAHgr variant, while other action history percentage values refer to
the use of the VLMAHgr.

refers to the mediums (tools) utilized to perform the action. For example, in the case of the action
label pair “screw cabin with screwdriver” and “screw cabin with hands”, which are two different
action classes, the restructuring operation merged the two classes into the action “screw cabin”.

We note that in Assembly-101 similar format is provided as annotation data.

6.4.3 History-based action anticipation

Our goal is to experimentally evaluate the impact that the linguistic action history contributes
to our framework. So, for this experimental analysis, additionally to our VLMAH, we employ
the VMAH variation which considers only video features of the current action as input. We
assess all variations on the Meccano dataset for different types of features. The features used are
RGB features, flow features, gaze features, object-centric and hand-centric features. The gaze
features, object-centric and hand-centric features are described in detail in Section 6.3.1. Using
the RGB modality we extracted features using the C3D [144] and TSN [151, 150] frameworks and
we evaluate them separately. Also, flow features were extracted using the TSN framework. All
TSN-based features have been extracted using the specifications of the authors in [35]. For this
experiment, we used all the available visual and linguistic information of the observed actions.
This implies that we take into consideration all the available frames prior to the start of the next
segment without leaving an anticipation time 7,,; = 0.25s.

As observed in Table 6.5, regardless of the type of features employed, the linguistic action
history module contributes significantly to the predictability and overall performance of the

method. In particular, for any given feature or combination of features, the consideration of the



Noun - Top-1/ Top-5 Accuracy% @ t,,; = 0s

Method Features Topl / Top5
VMAH RGB-C3D 29.0/173.6
VLMAH RGB-C3D/NLP 33.2/81.6

" Improvement 42/800
VMAH Obj 28.8/172.7
VLMAH Obj/NLP 34.3/80.8

 Improvement 55 /81
VMAH Hands 28.1/73.5
VLMAH Hands/NLP 28.6 / 76.2

~ Improvement 05/27
VMAH Gaze 22.5/72.3
VLMAH Gaze/NLP 30.3/80.8

" Improvement 78/85
VMAH RGB-TSN 30.0/72.8
VLMAH RGB-TSN/NLP 36.0/79.4

" Improvement 6.0/66
VMAH Flow-TSN 29.9/72.3
VLMAH Flow-TSN/NLP 31.8/81.4

“Improvement ~ 19/91

Table 6.5: Top-1 and Top-5 accuracy results for noun anticipation on the Meccano dataset
of our VLMAH framework with different types of features and with the use of the visual action
history (VMAH) module. The linguistic module contributes significantly to the anticipatory
capability of the framework.

linguistic action history always improves performance, considerably. The RGB information seems
to be better encoded through the TSN framework and have the best performance overall. The
object features and the RGB features extracted from C3D also exhibit good accuracy performance.
Finally, the gaze features have the highest accuracy gain when combined with the linguistic

action history.

6.4.4 Noise resistance

Our framework performs action forecasting making use of the ground truth semantic labels of
the observed segments/actions. This experiment aims to explore the anticipatory capability of
our framework in the presence of different levels of noise in the estimated labels throughout the
action history, in other words given the expected errors in labels of the anticipated actions across
the duration of a long, procedural activity, as if our method functions in an online manner. For
this experiment, we consider the Assembly-101 dataset for anticipation time 7,,; = 1s setting
the action history module operating at full capacity. The percentage values for the noise level

added to the history labels are: 5%, 10%, and 20% respectively, indicating the number of observed



Top-1/Top-5 Accuracy% @ 7,,; = 1s

Noise Noun Verb Action

0% 52.46/83.81 61.12/93.03 34.51/58.44
5% 51.40/80.95 60.38/92.15 33.15/56.73
10% 49.05/79.26 59.80/91.76 31.45/53.94
20% 44.69/75.96 54.98/89.61 27.77/50.18

Table 6.6: Evaluating the anticipatory capacity of the VLMAH framework on the Assembly-101
dataset for variable noise levels (disturbances) in the form of erroneous semantic labels in the
action history.

segments that have been miss-classified with respect to the total number of segments.

Table 6.6 presents the findings obtained in the presence of three different levels of label noise
in comparison with the results obtained when using ground truth labels (noise is equal to 0%).
Our analysis revealed that in the presence of the highest noise level (20%), the accuracy of our
framework decreased by less than 10% across all categories of verb, noun, and action labels.
Despite these challenging conditions, our model demonstrates its robustness and effectiveness in

handling label noise.

6.5 Summary

The primary objective of this study was to assess the impact of incorporating low-cost language
features of all past actions with the vision features of the recent past. The language features
act as supplementary information augmenting the network with the ability of memorizing past
actions while enhancing the predictive capabilities beyond the visual cues of the current observed
action. Through a comprehensive investigation, we delved into various facets concerning the
effectiveness and resilience of this approach. We particularly focused on its performance in
scenarios with varying degrees of past action misclassification rates and the influence of the
length of encoded action history on the anticipation task, encompassing action, motion motif
(verb), and object (noun) predictions.

Our rigorous experiments unveiled the manifold advantages inherent to this novel strategy,
which has resulted in a significant advancement in comparison to existing methodologies. Notably,
our approach demonstrated remarkable enhancements in achieving state-of-the-art scores across
two complex video datasets featuring intricate procedural activities. The implications of these

findings are profound, indicating the transformative potential of our strategy in revolutionizing



the field of action anticipation.

Furthermore, our investigation underscored the robustness of the language-driven history-
logging mechanism, even when subjected to stringent constraints on memorization capacity and
substantial rates of past action misclassifications. This resilience highlights the adaptability and
effectiveness of the proposed approach in real-world scenarios where errors and uncertainties are
inevitable.

In summary, our study has not only contributed to the expansion of knowledge in the domain of
action anticipation but has also introduced a groundbreaking paradigm by integrating language-
driven history-logging into the anticipation process. The substantial performance improvements
observed across diverse datasets and challenging conditions validate the efficacy of this approach,

emphasizing its potential to reshape the landscape of predictive modeling in action-based contexts.



CHAPTER

CONCLUSIONS

7.1 Contributions

In the presented works we tackled the problems of action prediction, action anticipation, and next-
active-object(s) prediction. Starting from the action prediction problem which entails deducing
the ongoing action’s class label while it’s still unfolding. The study focuses on scenarios where
humans interact with objects, utilizing trimmed video recordings as input to extract 3D skeletal
data. The extent of observable action is determined by the observation ratio [0,100%].

To tackle this challenge, our study presents an approach that constructs time series represen-
tations for both human and object interactions during ongoing actions. These representations
are matched with prototype actions using a Dynamic Time Warping (DTW)-based framework for
time series alignment. This DTW-driven alignment helps identify the best-matching relationship
between the ongoing action and prototype actions. The approach is rigorously evaluated on
three benchmark datasets, revealing the significance of blending human-centered and object-
centered action representations for prediction accuracy. Additionally, the study demonstrates
that their approach outperforms competing methods significantly, leading to notably improved
action prediction accuracy.

Moving forward we tackled the problem of action prediction by aligning incomplete action
sequences with complete ones and introduced innovative algorithms to address this issue. While

established alignment methods like Dynamic Time Warping (DTW) and Soft Dynamic Time
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Warping (S-DTW) excel at aligning complete sequences, they struggle with incomplete sequences.
To tackle this, we introduced two new algorithms, Open-End Soft DTW (OE-S-DTW) and Open-
Begin-End Soft DTW (OBE-S-DTW). These algorithms combine the partial alignment abilities of
OE-DTW and OBE-DTW with the soft-minimum operator of S-DTW, resulting in improved and
differentiable alignment, especially for continuous, unsegmented actions. These algorithms hold
promise for action prediction, aligning ongoing incomplete actions with complete prototypes to
predict subsequent actions.

The algorithms were tested on various datasets, including MHAD, MHAD101-v/-s, MSR Daily
Activities, and CAD-120. Results indicate that the proposed algorithms surpass the performance
of relevant state-of-the-art approaches, making them effective tools for addressing the challenge
of action prediction involving incomplete sequences.

Our next approach towards the solution of the action prediction problem focuses on predicting
the semantics of partially observed activities and the next active objects required to complete the
ongoing activity. The proposed approach aims to model spatio-temporal relationships between
humans and visible scene objects to predict the classes of multiple upcoming active objects
involved in the activity’s completion.

Existing methods can’t predict more than one next active object, but the study introduces the
first approach capable of jointly predicting the ongoing activity’s semantics and multiple next
active objects. Additionally, the study highlights the importance of forecasting the time at which
these next active objects will be involved in the scenario. The proposed method not only predicts
the next active objects but also estimates the time of their involvement in the activity, making it
a novel and comprehensive approach in the field.

Finally, for the solution to the action anticipation problem, we introduced a novel approach
called Visual-Linguistic Modeling of Action History (VLMAH). The aim is to improve action
anticipation by considering the history of all executed actions in lengthy procedural activities.
VLMAH combines visual features from the immediate past with linguistic constructs representing
semantic labels of nouns, verbs, or actions from the distant past. This fusion of short- and long-
term past information enables accurate predictions of near-future actions during procedural
activities.

The approach is evaluated extensively on three challenging video datasets containing proce-

dural activities: Meccano, Assembly-101, and 50Salads. The results demonstrate that utilizing



long-term action history leads to enhanced action anticipation and improves the Top-1 accuracy

compared to state-of-the-art methods. In summary, the proposed VLMAH approach effectively

addresses the task of action anticipation by leveraging both short- and long-term action history

information for more accurate predictions during procedural activities. The code will be made

available L.

7.2 Impact

The international research community has thoroughly assessed and reviewed the current study,

documenting and publishing its findings through peer-reviewed papers in scientific journals and

conference proceedings.
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research in the Computer Vision area. I am excited to leverage these opportunities to further my

studies, collaborate with experts, and make a meaningful impact in my chosen field.

7.3 Limitations

The proposed frameworks for action prediction are built upon aligning videos and sequences
of motion capture data temporally. The extent to which the proposed methods can effectively
scale in datasets containing a substantial number of activity categories (more than a hundred)
requires further exploration.

Several parameters within the proposed methods are adjusted manually. Particularly, the A
parameter in the Equation 5.1, which signifies the contribution of semantic and motion-based data
from tracked body joints and interacting objects, is defined by the user. Exploring an automated
approach to tune or discover an optimal parameter configuration based on the specific activity
category holds promise for enhancing the performance and user-friendliness of the proposed
framework.

It is worth noting that the suggested method for evaluating video similarity through the
bipartite Graph Edit Distance approach doesn’t consistently generate object correspondences that
carry semantic significance, aligning with interpretable action-relevant information between the
compared videos. In simpler terms, while the GED-based scores between videos yield favorable
outcomes for tasks like video matching, ranking, or classification, the clarity of results in terms
of explicable object correspondences isn’t always evident. Given the availability of one or more
extensive video datasets with appropriately detailed ground truth data for training, adopting a
supervised learning strategy becomes a promising avenue to fine-tune the weights and parameters
of the proposed framework.

In essence, the introduced VLMAH framework, designed to tackle the challenges of action
anticipation, showcases its capability to manage large datasets and forecast forthcoming seg-
ments encompassing verbs, nouns, and actions. Nonetheless, a constraint of this framework
emerges from its dependence on the history of previously executed actions. The accumulation
of errors and misclassifications from past actions holds the potential to significantly impact the
accuracy of predictions, highlighting the importance of ongoing error management and correction

mechanisms.



7.4 Directions for future work and research

In the next stages of our research, we will immerse ourselves in a concerted effort to assemble and
meticulously curate more expansive and intricate datasets that capture the intricate dynamics of
human-object interactions. These datasets will encompass a diverse array of objects and scenarios,
ensuring that our analyses encapsulate a comprehensive spectrum of real-world complexities. By
delving into these enriched datasets, we aim to unlock deeper insights into the nuances of action
prediction within dynamic environments.

Furthermore, our exploration will extend to probing the profound impact of incorporating
historical action sequences into our predictive framework. We will rigorously investigate how
the integration of past actions can enhance the accuracy of long-range action anticipation. As
part of this inquiry, we will meticulously examine the influence of the temporal positions of
misclassifications, delving into both short-term and long-term past actions, and dissecting their
repercussions on the precision of action anticipation. This comprehensive analysis will empower
us to refine our methodology and devise strategies to mitigate the effects of misclassifications on
predictive outcomes.

Excitingly, we are interested in integrating Large Language Models (LLMs) into our research
framework in order to explore datasets that alongside the visual information provide texts that
contain large amounts of information. This infusion of language understanding capabilities will
empower our system to leverage linguistic context and semantics, opening new avenues for
refining action anticipation accuracy and understanding the broader context of human-object
interactions.

Moreover, our enthusiasm drives us to venture into a new and promising direction—the
prediction of the future state of active objects. By extending our predictive capabilities beyond
actions to the state of objects, we seek to unravel an additional layer of predictive insight. This
novel trajectory holds the potential to revolutionize how we perceive and anticipate interactions
in dynamic environments.

In summary, our future endeavors are deeply rooted in the pursuit of enriched datasets,
enhanced historical integration, advanced language understanding through LLMs, and the pio-
neering exploration of predicting object states. These multifaceted research avenues collectively
represent our commitment to advancing the frontiers of action prediction and understanding

within complex interactive scenarios.
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