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Abstract. Egocentric videos can bring a lot of information about ac-
tions performed by humans, which can be beneficial for the analysis of
human activity by an external agent such as a robot. This external agent
is used as a personal assistant, it should be able to anticipate the user’s
moves, actions and intentions. Action anticipation from first-person cam-
eras is a challenging task due to the nature of the data processed and
the non-scripted, as well as person-specific character of actions. This po-
sition paper briefly reviews the current state-of-the-art approaches for
action anticipation from egocentric video and proposes ideas on how to
improve the quality of predictions.
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Fig. 1. Egocentric Action Anticipation with Personal Assistant.
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1 Introduction

Anticipating the near future is a fundamental task for intelligent systems which
need to react before an action is completed. For an external agent, such as a
robot, predicting the next human’s action is a crucial task in terms of smart
navigation (e.g. the robot should give way to a human), assistance (e.g. the
robot could bring something to a human without an explicit request) and to
prevent accidents. Acquiring data from the human’s point of view can boost the
level of understanding of human activity and the predictive capabilities of the
robot, which makes egocentric video processing convenient.

The objective of the project is to create algorithms which exploit first-person
vision images/videos to support people with cognitive decline or disabilities, e.g.
for memory augmentation purposes, or to make summaries of the acquired first
person videos for personalised health. Moreover, the inferred information can be
exploited by an external agent, e.g., a robot, to make decisions and assist the
user during their daily activities.

The first aim of the project is to deeply review the state-of-the-art approaches
in egocentric action anticipation, to build on them and hence improve the quality
of anticipation. Then, we will focus on updating the developed anticipation model
to the personal health assistant scenario. To achieve this we will consider the
following sub-tasks:

— Scene understanding. The model should correctly retrieve the location
of the user (action performer), which can be exploited as a prior for action
anticipation and which should give additional information to the health-
assistant.

— Speed up the model. The production-ready model for action anticipation
should be fast enough to anticipate actions as soon as possible and transmit
the prediction to external agent before the action occurs.

— Transfer model to hardware. The model should work in real-life environ-
ments, so the final model should be transferred to a mobile device, a robot
or an operating station. Transferring the model to a device will be the final
stage of the project.

The paper is structured as follows. In Section 2 we discuss the related work
on action recognition and anticipation from first person view. Then, in Section 3
we define the short-term project objective (i.e., improving the quality of action
anticipation) and discuss ideas on how to achieve this goal.

2 State-of-the-art

Action understanding in the context of first-person vision includes two funda-
mental tasks: action recognition and action anticipation.

The task of action recognition is to report what action is performed in a given
video segment. This is usually done by generating a (verb, noun) pair describing
the object the human operates on and how the object is used (e.g. cut tomato).
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Action Recognition Different works have addressed the egocentric action
recognition task [1-8]. Temporal Segment Networks [9] showed good performance
for both third- and first-person action recognition. Other approaches leveraged
on an explicit encoding of object-based features [1,5,7]. Learning architectures
exploiting attention mechanisms showed efficiency for egocentric action recogni-
tion task [1,3]. However, these architectures are not directly applicable to the
egocentric action anticipation setting, as discussed in [10].

Action Anticipation In real-world applications, recognising the actions
that already happened may be not enough. For example, in the above-mentioned
scenario, the robot should predict the actions before they occur, or self-driving
car should predict the next movements of the car ahead and the pedestrians in
order to prevent an accident. This leads to considering the task of egocentric
action anticipation, i.e., predicting the actions before they occur [10-16]. Re-
cent papers on action anticipation show that combining different modalities is
beneficial to improve the quality of the anticipations. The authors of [16] in-
vestigate the effect of using different egocentric modalities on the anticipation
performance. The authors of [12] introduced an architecture which models and
predicts the egocentric hand motion, interaction hotspots and future action. The
authors of [10] proposed a model comprising 2 LSTMs: a “rolling” LSTM to sum-
marize the past and an “unrolling” LSTM to formulate predictions about the
future. They also introduced the modality-attention mechanism which learns to
weight different video modalities in an adaptive fashion. In this project, we will
focus on egocentric action anticipation rather than recognition.

Datasets The common datasets for egocentric action anticipation are EPIC-
KITCHENS [17] and EGTEA Gaze + [2]. In our work, we will focus on EPIC-
KITCHENS, which contains 39,596 action annotations, 125 verbs, and 352 nouns.
During the project, we plan to collect a novel dataset containing paired first-
person videos from human’s and robot’s points of view. For that purpose, we
will use Microsoft HoloLens and the Loomo platform.

3 Improving Action Anticipation Performance

The first stage of the project will focus on the egocentric action anticipation
task. To tackle the problem, we plan to build on the existing model RU-LSTM
introduced in [10]. Ideas from the EPIC-KITCHENS challenge® will also be
exploited in this project.

We will consider the video processing scheme for action anticipation proposed
in [10] which consists of two main modules: video encoding and action anticipa-
tion stages. During the encoding stage, the first part of the video is processed.
During the anticipation stage the model should output predictions about future
actions, see Figure 1.

We plan to extend the RU-LSTM model by introducing and benchmarking
different changes based on the following objectives:

% https://epic-kitchens.github.io/Reports/EPIC-Kitchens-Challenges-2019-
Report.pdf
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— Multi-modality processing. The model should use all available informa-
tion that may be useful for action anticipation: RGB video frames, sound,
motion, as well as data from the third-person vision camera (if available)
(18], [10], [19]. Current approaches usually combine 2-3 modalities and they
do not fully exploit all the available information within one framework.

— Object detection. The model should correctly detect and localize objects
in egocentric videos. The model should also distinguish between objects in-
volved (or objects that will be involved) in the interaction and those which
do not play an essential role in the user action, as shown in [20]. The learning
architectures should be able to consider previous objects during learning and
inference. We also plan to utilise not just the labels of objects detected in
video as done in [10], but also their visual appearance.

— Hands detection and keypoints estimation. Hands and related pose
may help to identify complex hands activities, as shown in [21] and [22].
We believe, that hands keypoints data may benefit to better anticipation of
events in short-term.

— Using attention mechanisms. We will explore the opportunity to use at-
tention and transformer networks for decoding stage. Transformer networks
showed outstanding results in various natural language processing tasks [23]
and have been successfully transferred to video processing [24]. These archi-
tectures allow to perform training in self-supervised settings, which mitigates
the problem of the lack of labelled data.

— Processing various sequence lengths. Exploring the opportunity to pro-
cess long sequences of frames and utilising long-term features to improve the
quality of predictions. For example, the authors of [25] show that utiliz-
ing features from past frames may improve video understanding and action
recognition. We will explore how various sequence lengths affect the antici-
pation quality.

— Metric. Identifying correct metrics for evaluating action anticipation results
and exploring the possibility of predicting the time to action will be anal-
ysed in the project. Papers exploring metrics and loss functions for action
anticipation tasks are [26]. The authors explore various loss functions for
egocentric action anticipation and introduce Verb-Noun Marginal Cross En-
tropy Loss. Another opportunity to improve the action anticipation quality
may come from updating loss to predict time to action, as shown in [11].

4 Conclusions

The aim of the project is to develop a system which will tackle the egocentric
action anticipation task in a personal health assistant setting. The model should
take the video from a wearable first-person camera as input and predict future
actions (verb+noun).

The short-term objective of the project is to design a model to outperform
the existing state-of-the-art approaches in terms of action anticipation accuracy
on EPIC-KITCHENS. Once such a model is developed, it will be adjusted to a
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real-time scenario to fit the industrial requirements and finally, to be transferred
to an external device.
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