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Figure 1. Reactive Video is a vision-based system which supports users when learning or practising physical activities using videos. At the core of the
system is adaptive video playback, which is used to control the video by tracking the user’s movement and adapting the play time accordingly.

ABSTRACT

Videos are a convenient platform to begin, maintain, or im-
prove a fitness program or physical activity. Traditional video
systems allow users to manipulate videos through specific user
interface actions such as button clicks or mouse drags, but
have no model of what the user is doing and are unable to
adapt in useful ways. We present adaptive video playback,
which seamlessly synchronises video playback with the user’s
movements, building upon the principle of direct manipulation
video navigation. We implement adaptive video playback in
Reactive Video, a vision-based system which supports users
learning or practising a physical skill. The use of pre-existing
videos removes the need to create bespoke content or spe-
cially authored videos, and the system can provide real-time
guidance and feedback to better support users when learning
new movements. Adaptive video playback using a discrete
Bayes and particle filter are evaluated on a data set collected
of participants performing tai chi and radio exercises. Results
show that both approaches can accurately adapt to the user’s
movements, however reversing playback can be problematic.
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INTRODUCTION

Technology enables users to readily practice and learn physical
activities such as fitness programs, dancing, martial arts, or
sports from the comfort of home. Since the 1980s, videos have
helped users stay active by offering a cheaper, more convenient
alternative to gym memberships, personal trainers, and expert
coaching. In the past decade, game consoles have emerged as
popular alternatives for fitness and dance programmes leverag-
ing tracking technologies such as the Microsoft Kinect [32] or
Wii Fit [36]. These provide entertaining, gamified experiences
which can adapt to the user, however they require bespoke con-
tent to be created which limits the choice of content offered.
In contrast, the proliferation of online video and streaming
services provides access to a wide variety of physical activities
offered by a diverse set of instructors.

Despite the abundance of videos available, video players offer
limited support to users when performing physical activities.
Unlike in-person instruction, a video can not provide feed-
back or adapt the pace and intensity of the physical movement
or exercise to an individual user. For example, performing
movements in slow motion is beneficial for learning by pro-
viding opportunities for self-analysis and developing timing
of various components. It has also been shown to result in less
physical strain for inexperienced users [8], and can increase
strength compared with regular exercise [57]. For some users,
keeping pace may be difficult due to physical constraints or
because they are unfamiliar with the movements. Standard
controls may be available to pause, replay, scrub, or set the
play speed to a pre-defined value, however interaction is lim-
ited and often involves reaching for the remote, or the device
itself, which breaks flow and immersion. Voice input offers
a compelling hands-free alternative, however in isolation can
only be used for issuance of explicit commands [7].



In this work, we preserdadaptive video playbacdkhich infers learn or practice a physical activity, direct manipulation video
the pace at which a user is performing a physical activity and navigation techniques, and motion correlation.

dynamically adjusts the play time so that the video re ects

their movement. We implement this concepReactive Videp Technology-Based Exercise Tools

an interactive system which uses adaptive video playback top range of work has explored how movements can be de ned
provide a more immersive experience for users when usingpy an expert with a commercial depth sensor, and appropriate
videos for physical activities, and to better assist in learning feedback presented to help correct user movements in real-
new movements, see Figure 1. Adapting the playback of time for training [53], learning a new skill [1], and rehabili-
the video to the user is not straightforward because a user'station [11, 46]. Anderson et al. discuss design guidelines for
internal intentions may not be accurately re ected in their moyvement training systems based on previous literature which
movements, and is compounded further by sensing inaccurainciude [1]: reducing visual complexity [51], motivating the
cies. Due to this, we investigate two probabilistic tracking yser [3], adapting guidance as the user learns [42], providing
approaches, a discrete Bayes and particle Iter, which account symmary feedback [59], and allowing users to progress at their
for the uncertainties in the process. Using tai chi and radio gwn pace [60]. They also propose to leverage domain knowl-
exercises with varied tempos, we demonstrate how they canedge in the authoring system, however our approach contrasts
successfully adapt the playback based on user intention.  systems designed for speci ¢ physical activities, examples of

Reactive Video is designed to work with videos, and does not Which include ballet [49], tai chi [19], and weight-lifting [29].

require bespoke content to be created. This also removes the-eedforward techniques are used to guide users and illustrate
need for complex or laborious authoring of content, and opens fytyre movements. A seminal example of this is OctoPocus,
up the opportunity of using the wide variety of existing video hich introduced the concept of dynamic guides which show
content with the system. We demonstrate how pre-existing motions paths of possible gestures [2]. These have inspired
videos can be post-processed using state-of-the-art skeletadimilar trajectory-based guidance for physical activities, such
trackers to extract the instructor's poses for use with the systemgs cye ribbons in YouMove [1], or wedge visualisations in
In addition to adaptive video playback, the system can leveragephysio@Home [46]. In addition, feedback can be used to
the motion of the user and instructor to augment the video with jndicate how well the user is performing a movement and
con gurable graphical overlays to provide real-time guidance can help to correct for errors, enhancing motor learning [43].
and feedback to assist in learning new movements. Recordingpjfferent approaches have been studied for supporting physi-
and logging capabilities also allow a user or trainer to view an ¢ activities by providing feedback and guidance, including
activity with detailed feedback on poth the user's pose error my|ti-camera perspectives [46], augmented mirrors [1], light
and tempo of the movements relative to the instructor. projectors [45], low-latency multimodal feedback [12], aug-

We develop the contributions of this work as follows. First, mented reality headsets [9], and superimposed trainers in vir-
we describe the design and implementation of Reactive Video tual reality [61]. These provide compelling solutions but often
and elaborate the different modes of the system, showing con Involve complex and/or expensive hardware setups and require
sideration for how users can initiate interaction or decouple P€SPoke content to be created or authored for the system. We
from the adaptive playback, and how to offer guidance and contrast this in our ap_proach by reqwnng_basu_: hardwa_ire and
feedback. We then discuss the challenges and requirement8roVviding the capability to use pre-existing videos without
for adaptive video playback, and describe two probabilistic additional authoring.

approaches used to overcome these. A data collection of para|though the aforementioned approaches provide guidance
ticipants performing different physical exercises is presented,and feedback for the user to correct their pose or tempo, none
which demonstrates the ef cacy of the proposed approachespf them adapt the underlying content to the user in real-time.
for accurately tracking user intentions. Finally, we discuss |n the area of physical rehabilitation, virtual reality has been

the causality dilemma which arises with Reactive Video, and investigated as a means to provide self-adapting technolo-

directions for future work. gies to better support therapists and patients with different
requirements [52]. Kallmann et al. adapt the pace of a vir-
RELATED WORK tual character performing physical movements in real-time

The concept of adapting playback to user movement was rst Py parameterising modi able properties of a movement, such
introduced by Watanabe et al. with Synchronized Video [56]. &S the speed, amplitude, and duration of pauses [22]. In this
We extend this by discussing the requirements of adaptive @Pproach, the properties of the exercise are adapted based on
video playback in the context of learning new movements, ex- how well the user completed the previous repetition of the
plore probabilistic approaches which do not require prior train- movement. Our proposed approach to adapting the content
ing for individual videos, and demonstrate how pre-existing t0 the user is more generalizable, as not all motions can be
videos can be post-processed using state-of-the-art computeParameterised, and doesn't rely on detecting repetitions which
vision techniques without the need for ducial markers. In ad- ¢an be non-trivial [33].

dition to adaptive playback, Reactive Video augments videos

with feedback and guidance, and we consider how users carVideo Navigation

activate or decouple from the adaptive playback element for The proposed concept of adaptive video playback is inspired
use in real-world applications. Our work also builds upon by direct manipulation video navigation (DMVN) techniques.
previous research on technological tools for assisting users toTraditional video navigation involves manipulating a seeker



bar which linearly controls the play time of the video. DMVN Learn: The user is trying to learn a physical exercise. The
applies the direct manipulation metaphor to enable users to system provides adaptive playback control, real-time feed-
drag objects in the scene along their motion trajectories to  forward to dynamically guide the users, and real-time feed-
affect playback. CyberCoaster rst introduced the concept back to help correct for pose errors.

of DMVN [40], which later gained traction with automated Immerse: The user is very familiar with the movement
techniques for motion extraction using object recognition and  and performing it. The video provides adaptive playback
tracking, and optical ow-based methods [26, 13, 23, 16].  control, but no feedback or feedforward mechanisms.
DMVN has also been adapted for touch-based mobile inter-
action [24, 35], navigation in 3D [34], manipulation of data
visualisations [28], and most recently for navigation in spatial
recordings [31]. In Empatheater, users must interact with the
system at pre-de ned events to continue playing the video [30].
This used motion gestures and jumping, and can be seen ag
a precursor to DMVN using full-body gestures. In this work
we demonstrate the rst full body movement implementation
of DMVN, which focuses on adaptive playback as opposed to
seeking to speci ¢ play times.

The rst two modes correspond to how users may traditionally

I interact with an exercise video, with additional feedback pro-
vided in theimitate mode which can be used for assessment.
Thelearn andimmersemodes utilise the novel adaptive video
layback proposed in this paper. Guidance for users can be
elpful in the initial learning stages, however thaidance
hypothesisstates that a user may become overly reliant on
the guidance given during the training phase, which in turn
hinders learning of the underlying process [41]. When using
the system to learn an exercise, we envisage that the user pro-
gresses through the user modes as they become more skilled,

Uncertainty and Motion Correlation _ ~and thus reduce the guidance. The utility of such a system can
Our work also builds upon the notion of continuous uncertain he demonstrated with two scenarios.

interaction [58] and synchrony, which has been used for inter- ) , . N
action in HCI in the form of motion correlation [54]. Continu- Scenario 1:An elderly user would like to partake in their daily
ous uncertain interaction takes into account ambiguity due to Physical exercises for which they use a video for guidance.
sensing limitations and poor modelling of user behaviour [39, Due to their age they are unable to keep pace with the instructor
58]. We adopt this approach of maintaining uncertainty in the in the video and take regular breaks. The adaptive nature
interface when estimating play times. Motion correlation uses Of the playback usingnmersemode means the video stays
spatiotemporal matching of the user's input with the device's Synchronised with their movements, and they feel less pressure
output for interaction, and has been used for selection [54],t0 keep pace. Similarly, when they pause during a movement
calibration [38], addressing gesture systems [15], and for boot-t0 take a break, the adaptive playback recognises this and
strapping spatial interaction with touchless gestures [10]. We Pauses until they are ready to resume.

use this as inspiration for seamlessly triggering the adaptive scenario 2: A user recovering from a physical injury has

playback component. been given a set of exercise videos to help their rehabilitation,
however due to pain they nd it hard to keep pace. As they
REACTIVE VIDEO SYSTEM are unfamiliar with the exercise, they can usewschmode

The novel aspect of Reactive Video is the ability to adapt the to familiarise themselves with the exercises. Téwn mode
video's playback based on the user's movements, such that thesupports the user by providing real-time guidance in the form
video appears to mirror thenontrol pointsare joints in the of motion trails demonstrating how to perform the movement,
body which are used to assess where in the video the systemwhilst the adaptive playback allows them to go at their own
believes the user is, and adapt the playback accordingly. Bypace and ensures the guidance relates to the most relevant part
default, we use both hands, however the control points can varyof the video.
depending on the type of exercise being performed (e.g. one _
hand, hips and legs etc.). In the remainder of this section wenstructor Pose Extraction o .
discuss the design of the system based on the novel adaptivé&eactive Video requires a video containing the poses of the in-
playback component (i.e. in learn or immerse mode). structor for adaptive playback, and feedback and feedforward
mechanisms. We developed two different approaches for this:

User Modes Bespoke recordingshe rst method we implemented was to
We developed four user modes to help better support usergecord physical exercises using a depth sensor capable of skele-
when performing a physical exercise using a video: tal pose tracking, e.g. Microsoft Kinect, similar to previous

work which used expert demonstrators to develop authoring

Watch: The user passively watches to familiarise themselves tools for their systems [53, 46, 1].

with the movement, and can control the video using tradi-
tional or DMVN technigues using a mouse or touch input, Pre-existing videos.The second method utilises Reactive
similar to previous work [26, 13, 23]. For DMVN, dragging Video's ability to work with existing videos, without placing

is limited to individual joints of the instructor in the video. extra burden on content creators. We developed a program
Imitate: The user watches and tries to copy the movement.to post-process any video and extract instructor poses using
In this mode, the system records the user's movement andOpenPose [5]. Post-processing existing videos also has the
provides feedback afterwards on pose errors to help the userdvantage of extracting poses from videos with higher frame
identify places in which they may have struggled, and areas rates and/or resolutions than are possible with most commer-
on which to focus. cial depth sensors. However, most current skeletal pose track-



ers extract the pose in 2D, and thus downstream algorithmsThe pose error between the user and instructor can be used
must cope with 2D data. The ability to extract 3D poses from to assess whether the system should be decoupled (i.e. have
2D videos is an ongoing research topic with promising results they stopped following the exercise), based on a threshold of
for future implementations (e.g. [37]). euclidean distance between the control points over a given
time window. This is set generously to allow for errors in
the following of the movements themselves. By default, the
system resumes playback at unit play speed, unless the user
moves out of a speci ¢ zone (in our case the sensor's eld of

With either approach, there may be scope for additional au-
thoring of the videos. In the presence of multiple people in a
video, the instructor is by default the one closest to the centre

of the screen. This may not always be the case, and userg e, y'in which case it pauses the video. It is also important to
or creators may wish to de ne the instructor when multiple

X . X note that smaller, in-situ pauses are captured by the adaptive
peoplg are present. Trainers collaboraylng with a user MaYyideo playback component, such as when a user holds a pose
also wish to de ne the default control points to be used for a o), 5arily to catch their breath (as they do not break the
physical activity, annotate speci c movements for later inspec-

tion, label repetitions, or select points at which adaptive video disconnect threshold).
playb_ack should k?e disabled. However, it ig im.portant to note oo qorward and Feedback Mechanisms
additional authoring beyond pose extraction is not essentlalThe learning mode uses feedforward and feedback mecha-
because the user has full control over the adaptive playback, icms to help guide the user when performing a physical ac-
and can switch it on and off as and when they require. tivity. Feedforward mechanisms relate to where and how the
user should position themselves and can be used to help guide
Intent to Interact them through movements they may be unfamiliar with, or
One of the main usability concerns of body movement-basedthrough complex sequences of motion. In contrast, feedback
sensing systems is how to address the system to initiate intermechanisms can be used to indicate to the user how well they
action [4]. We developed two approaches for activating the are performing the movements according to the video, and can
adaptive playback component in-situ: be either real-time or summary. Feedback may be provided
on both spatial (e.g. pose error) or temporal (e.g. play speed)
aspects of the video. These elements are generalisable across
videos as they focus on movements viewed as trajectories, and
can be tailored by the user (e.g. guidance with no feedback).

Activation gestureare those which one would not expect the
user to perform accidentally, and are thus reserved for starting
an interaction [27, 20, 55]. These can be performed using
different modalities, such as a speci ¢ body pose or voice
command. Activation gestures can be invoked from anywhere Visual Feedback

in the scene, however they must be designed to reduce thérhe movement guide (Figure 2) shows movement trails, user
risk of accidental activation. We found a simple body pose of skeleton, and control points. These are designed to be con g-
hands together above the head was suf cient to activate theurable such that the user can adapt the guidance to suit their
system reliably and afforded the user with explicit control.  needs, allowing for users to reduce visual complexity as they
see t[42, 51]. The user's skeleton is overlaid in real-time
onto the instructor's to provide feedback on their alignment,
and to help guide the user's movement relative to the instruc-
tors. The type of alignment used will affect the nature of the
feedback. For example, one can align individual body parts
to the instructor's skeleton to isolate and provide feedback on

Motion correlationinvolves signalling intent to interact by

mimicking movement displayed on a screen [15, 10]. Tradi-
tionally the on-screen movement is synthetically generated for
selection, however we utilise the instructor's inherent move-
ment performing the physical exercise, and look for a corre-

lation between the user and instructor's movements. Motion .~ . h . )
correlation results in a seamless transition for the user, andndividual limbs. Skeleton alignment is also used for playback
estimation, which we discuss in the next section, however the

from a system perspective ensures they are following the move- . S )
ment at the beginning of the interaction. feedback provided to the user is independent of this.

Adaptive Playback Decoupling

A user may wish to disengage the adaptive playback for a

temporary period, e.g. during rest between exercises in a

tness class, or because they have nished using it. The nature

of the decoupling would ideally result in different behaviours

from the system. In the case of resting between exercises,

the video should continue to play at unit speed until the next

exercise is ready, whereas in the case of attending to something

else (e.g. a knock at the door) the system should pause and

wait for the user to resume. One way of approaching this is to

use simple voice commands, such as "pause” or "disconnect”,

or t'O mcorpc_)rate authored el.ements of the video, e'g'. parts InFigure 2. Visual feedback of Reactive Video showing (a) movement trails
which adapt|ve playback 1S dlsengaged' _We also consider h':)Wto guide the user which adapt to the tempo of the movement, (b) over-
body movement could be used to infer intent to decouple for jay of the user's skeleton, and (c) control points illustrating pose errors
generic videos. through colour change.
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