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SELECTIVELY PLAYING VIDEOS

Cross-Reference to Related Applications

[0001] The present application claims priority from US Provisional Patent Application No
62/354,118 filed on 24 June 2016, the content of which is incorporated herein by reference.

Technical Field

[0002] This disclosure relates to systems and methods for selectively playing videos.

Background

[0003] Current mobile communication devices, including smart phones and tablet
computers, have the capability to store a large amount of high quality videos. The user can
readily select any of these videos to be played by the mobile communication device. While
this has led to user satisfaction over time, there is still the problem that the user needs to
decide when to play the video. Therefore, there is a need for improved mobile
communication devices that can automatically play a video from device storage without the
user manually requesting the video. However, at certain times the user would be dissatisfied
if a video is played automatically without the user’s request and it is currently difficult to

avoid this dissatisfaction.

[0004] Any discussion of documents, acts, materials, devices, articles or the like which has
been included in the present specification is not to be taken as an admission that any or all of
these matters form part of the prior art base or were common general knowledge in the field
relevant to the present disclosure as it existed before the priority date of each claim of this

application.

1

[0005] Throughout this specification the word "comprise", or variations such as "comprises'
or "comprising”, will be understood to imply the inclusion of a stated element, integer or step,
or group of elements, integers or steps, but not the exclusion of any other element, integer or

step, or group of elements, integers or steps.
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Summary

[0006] This disclosure describes a mobile communication device that decides whether to
play a video automatically and without user input. In particular, the disclosed mobile
communication device learns over time whether decisions in the past were good or bad. In
particular, the mobile communication device makes multiple decisions to delay the playing of
the video until it finally attempts to play the video. The mobile communication device then
assesses retrospectively whether those delaying decisions where beneficial and then adjusts
the decision making accordingly. As a result, the mobile communication device plays videos

at the most appropriate times automatically.

[0007] A method for selectively playing a video on a mobile communication device
comprises:

monitoring events on the mobile communication device;

upon detecting a trigger event in the events, determining whether to delay the playing
of a first video or to attempt to play the first video;

upon determining to delay the playing of the first video, storing on a data store a
delay record indicative of a context of the mobile communication device in which the playing
of the first video is delayed;

repeating the steps of monitoring events and upon determining to delay the playing
of the first video, storing a delay record indicative of a context of the mobile communication
device in which the playing of the first video is delayed, to generate multiple delay records
representing multiple points in time when the playing of the first video is delayed and each of
the multiple delay records indicates a respective context of the mobile communication device;

upon determining to attempt to play the first video, displaying a user control on the
mobile communication device to allow the user to reject the first video;

storing an attempt record indicative of a context of the mobile communication device
in which the playing of the first video is attempted;

upon detecting user interaction with the user control element indicative of the user
rejecting the first video, calculating a first relationship between the context data of the
multiple delay records, the attempt record, and the user interaction with the user control
element;

determining whether to delay the playing of a second video or to play the second

video based on the first relationship between the context data of the multiple delay records,
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the attempt record and the user interaction with the user control element and based on a
current context of the mobile communication device; and

upon determining to play the second video, playing the second video.

[0008] Itis an advantage that the timing of showing videos is improved by calculating a
relationship from the context data of the multiple delay records in addition to the attempt
record. In other words, not only does the system use the context data from when the user
makes a decision on whether to watch the video, but also the context data from when the
method decides not to give the option to the user but delay until a more suitable point in time.
As a result, the timing of the video is more accurate in reflecting user behaviour and

preferences.

[0009] Monitoring events may comprise monitoring events generated by a user interacting

with the mobile communication device.

[0010] The video may comprise an advertisement video.

[0011] The context may be independent from the video and includes one or more of time of

day, user activity, active apps and sensor data.

[0012] Calculating a relationship may comprise calculating one or more of a positive weight
upon the video being played, a negative weight upon the video being rejected and a negative

weight upon the video being delayed.

[0013] Calculating the relationship may comprise calculating a value function that maps

feature values to expected benefits of delaying and/or attempting to play the video.

[0014] The value function may be based on a time elapsed since last played video.

[0015] Calculating the relationship may comprise calculating a first value function and a
second value functions, the first value function is in relation to attempting to play the video

and the second value function is in relation to delaying the video.

[0016] The value function may be linear.



WO 2017/219089 PCT/AU2017/050637
4

[0017] The value function may be based on parameters reflecting the relationship.

[0018] Calculating the relationship may comprise reinforcement learning and/or linear

regression.

[0019] Calculating the relationship and determining whether to delay the playing of the
second video may be based on an ensemble model of decision trees or on a neural network or

both.

[0020] Determining whether to delay the playing of the second video may be based on a

predetermined number of times a video is to be played.

[0021] The method may further comprise allocating an incentive to the user upon playing

the video.

[0022] The method may further comprise recording a video of the user and determining

allocating the incentive based on a facial expression detected in the video.

[0023] Calculating the relationship may comprise sending training data to a server and

retrieving relationship parameters from the server.

[0024] The method may further comprise selecting the second video from multiple

candidate videos.

[0025] Selecting the second video may be based on meta-data of the second video and a
second relationship between meta-data of the first video and the user interaction with the user

control element.

[0026] A mobile communication device for selectively playing a video on a mobile
communication device comprises:

a user interface to allow user interaction to generate events;

a network connector to receive videos over a wireless data network;

a non-volatile memory to store videos and to store program code; and

a processor configured by the program code to:

monitor the events on the mobile communication device;
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upon detecting a trigger event in the events, determine whether to delay the
playing of a first video or to attempt to play the first video;

upon determining to delay the playing of the first video, store on a data store a
delay record indicative of a context of the mobile communication device in which the playing
of the first video is delayed;

repeat the steps of monitoring events and upon determining to delay the
playing of the first video, storing a delay record indicative of a context of the mobile
communication device in which the playing of the first video is delayed, to generate multiple
delay records representing multiple points in time when the playing of the first video is
delayed and each of the multiple delay records indicates a respective context of the mobile
communication device;

upon determining to attempt to play the first video, display a user control on
the mobile communication device to allow the user to reject the first video;

store an attempt record indicative of a context of the mobile communication
device in which the playing of the first video is attempted;

upon detecting user interaction with the user control element indicative of the
user rejecting the first video, calculate a first relationship between the context data of the
multiple delay records, the attempt record, and the user interaction with the user control
element;

determine whether to delay the playing of a second video or to play the second
video based on the first relationship between the context data of the multiple delay records,
the attempt record and the user interaction with the user control element and based on a
current context of the mobile communication device; and

upon determining to play the second video, play the second video on the user

interface.

[0027] Optional features described of any aspect of method, computer readable medium or

computer system, where appropriate, similarly apply to the other aspects also described here.

Brief Description of Drawings

[0028] An example will now be described with reference to the following drawings:
Figure 1 depicts the high level architecture of the system.

Figure 2 depicts an example state diagram for showing advertisements.
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Figure 3 depicts the flow diagram of the system operation.

Figure 4 shows an example of an incentive reminder screen.

Figure 5 illustrates the system with content selection and timing using multiple content
sources.

Figure 6. shows how external content selection is working together with timing.
Figure 7. shows user interface for providing feedback on ad timing.

Figure 8. shows user interface for providing feedback on ad selection.

Figure 9 illustrates a method for selectively playing a video on a mobile
communication device.

Figure 10 illustrates a mobile communication device that selectively plays videos.

Description of Embodiments

[0029] This disclosure describes a mobile communication device that decides whether to
play a video automatically and without user input. A video may be a video stream or a video
file stored on the mobile communication device. Playing a video may comprise automatically
opening a player application that plays the video or playing the video from within an
application. The videos can be shown as a part of applications between application screens,
on top of applications, between applications, on unlocking the screen or on the home screen.
The system can show the videos in response to user interface events, such as closing an
application or turning the screen on, or in response to events from sensors, such as time or
location change. In other words, the mobile communication device monitors the events
generated by the user interacting with the device and detects a trigger event, such as turning
the screen on or a time or location change. These events create opportunities to show a video,
in response to which the system can decide to show a video or wait for a better opportunity,

that is, delay the playing of the video.

[0030] The system operator may receive a monetary reward, if the user engages with the
shown video in a certain way. For example, for video advertisements, the user may need to
watch 80% of the duration of the video for the service operator to get paid by the advertiser or

a proxy acting on the behalf of the advertiser, such as an ad network.

[0031] While this disclosure is in substance related to the technical aspects of automatically

playing videos, the disclosed technical subject matter may be used in a commercial context
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where the user receives incentives from watching the videos, for example free access to
services, in-service credits or rewards, or more generally reduced costs of using those
services. It is noted, however, that the disclosure has utility also without this commercial
application because the automatic display of videos as such can be attractive to many users.
In the commercial applications, the incentives help align the goals of the user with the goals
of the system operator, when the video content is not sufficiently interesting for the user to
watch it without external rewards. For example, offer wall type of ad videos could provide a
direct incentive for performing an action, such as a service credit. On the other hand
promotional content directly related to the user’s interest may be interesting enough for the
user to watch it without additional incentives. Provided that the system lets the user easily
skip or leave a video that is badly timed or chosen, it can be assumed that the user is not
annoyed by the video, when she does not skip it, but instead engages with it. If the video is
hard to skip, this assumption may not hold. It is noted that skipping a video is only one way
of rejecting the video. Other ways include closing a video player window, stopping the video
player application, using a back button on the phone to return to the original application

before the video started playing or other ways.

[0032] On the other hand, if the user dislikes being shown the video, she will not perform
the action required to generate the reward for the publisher and she will be annoyed by the
disruption. For example, being shown a video when trying to answer a phone call would
irritate most users. Repeated badly chosen or timed videos may lead the user to leave the
service. This is especially true for videos that are hard to skip. Thus, the publisher receives a

negative economic reward for a video that is shown, but that the user does not want to watch.

[0033] Fig. 1 illustrates an example architecture of a system 100 for selectively playing
videos. System 100 comprises sensors 101 and content 102, such as videos, stored on a
content store (not shown). A context feature transformation module 103 receives data from
the sensors 101 to create features that are indicative of the current context. A content feature
transformation module 104 analyses meta-data from the content to create features that are
indicative of the content. Both the context feature transformation module 103 and the content
feature transformation module 104 provide the features to a feature pre-processor 105 that
pre-processes the combined feature set to optimise it for machine learning. The pre-processor
105 provides the optimised feature set to the model evaluation and training module 106,

which performs the two functions of training the model based on historical feature values and
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evaluating the model based on current feature values. There is also a user interface that
interacts with the user in order to collect an outcome for the output label for each set of
feature values to feed into the evaluation and training module 106. The modules in Fig. 1 can
be implemented as software components, including classes, libraries, binaries, functions and

the like, as well as separate hardware processors or virtual machines.

[0034] The system 100, as shown in Figure 1, uses positive and negative rewards to teach
itself when to show videos and which videos to show with the assumption that the user is
willing to watch the right videos, if they are shown in suitable situations. Positive and
negative in this disclosure is not meant to be limited to positive and negative numbers,
respectively. Instead, positive and negative is to be understood in the sense that the rewards
(i.e. feedback) influences the decision in a positive or negative way. For example, a positive
reward associated with a particular decision outcome means that this decision outcome is
marked as preferred. Vice versa, a negative reward marks the decision outcome as less
desirable. From an algorithmic point of view, positive rewards can be encoded by negative
numbers, such as cost, or as positive numbers, such as value. Equally, negative rewards can
be encoded by positive numbers, such as cost, or as negative numbers, such as value. When
the user is incentivized and the user’s goals are aligned with the operator’s goals, this can be
expected to be the case. When it has an opportunity to show a video, it can choose between
two actions, wait or show video. It is noted that the terms ‘wait’ and ‘delay’ are used
interchangeably herein as well as the terms ‘show’ and ‘play’ are used interchangeably.
These actions result in the system receiving rewards depending on the outcomes of the action:
a positive reward for user watching the video and a negative reward for the user skipping the
video. The system learns from the rewards to choose the action that maximizes the current
and future rewards. It is noted here that rewards refer to technical parameters, such as weight
values or factors used for calculation as opposed to commercial rewards of a reward point

scheme for example.

[0035] In a potential commercial application, the rewards used in the learning may be
derived from monetary rewards to the publisher from the user viewing the videos. If the user
watches the video and installs an application or purchases a product, a higher reward can be
used in the learning. For example, a reward of 0.5 may be used for a user completing the

video and a reward of 1.0 for the user installing the advertised application. The positive



WO 2017/219089 PCT/AU2017/050637
9

rewards can also be lower for videos that are hard to skip, since the user may not skip them in

spite of not wanting to watch the video and this behavior could misdirect the learning.

[0036] The negative rewards from the user skipping the videos can be modeled for example
based on the analytics of churn and new user acquisition costs. Less intrusive ad types and
videos that are easier to skip can use a lower negative reward, while videos which are
intrusive and hard to skip would have a large negative reward. This is due to the harder to skip
videos annoying the user more, if shown at an inappropriate time or if the content is not of
interest to the user. For example, a video ad that was shown after unlocking the screen
preventing the user from using the phone and that can only be skipped after watching 10
seconds of it would have a lower negative reward for skipping, -1, compared with a video that

could be skipped right away having a reward of -0.5 for skipping.

[0037] The rewards for the current and future actions are estimated by a value function,
which predicts the rewards based on one or more features that describe the state of the system
environment. The value function can be implemented using diverse machine learning
techniques, including linear regression or logistic regression, neural networks, decision trees,

or ensembles methods. One example realization is shown as an example.

[0038] The use of value function maximizes the benefit to the user while minimizing the
negative user experiences. In the commercial application, maximising the benefit means
maximising revenue. The balance between the two is controlled by the ratio of positive the
reward from watching the videos versus the negative reward from skipping the video. The
larger the positive reward is compared to the negative reward, the more the system will learn
to show videos. System rules can be used to implement more specialized use cases, for
example minimizing the negative user experiences of getting the user to watch a fixed number

of videos.

[0039] The features used in the value function estimate how receptive the user is to viewing
a specific video or videos in general in the current state. The features can be related to the
current and past context data, that is data from software and hardware sensors, or meta-data
describing the video content and information about past videos shown. The value function
maps feature values to expected benefit received from an action and its follow up actions, for

example a set of actions comprising a wait action, another wait action, and a show action.
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[0040] The meta-data can describe the video topic, style, duration, popularity,
recommendation engine rank, how users similar to the current one responded to it, the amount
of revenue, or other metrics. Additional meta-data can be derived from the content, for
example by analyzing the video file. Videos for content or applications can be matched with
downloaded or installed content or applications, or recently used content or applications. For
example, a user that played multiple games recently and switched between them frequently,
thus indicating being bored of them, could be shown a video about a game that matches his

gaming preferences, such as a sequel for one of the most recently played games.

[0041] The contextual data can contain data describing the environment of the device, such
as sensor data on temperature, location, time, whether the user is moving, stationary, in a
vehicle, wearing headphones, etc. It can also contain information about the software state of
the device, such as what app the user was last using, how often the user switched apps, how
often the user has been turning the screen on, which apps the user has installed, music or other
content loaded or accessed on/with the device. In addition to using the context values
themselves, transformations and combinations of the data can be used, such as change in user

headphone state, or combination of headphone state and user being in vehicle.

[0042] The selected features are transformed so that they can be used by the value function

method. For example, a linear regression value function would require normalizing the inputs.

[0043] In one example, the value function can use only a single feature, for example the
time since the last watched ad. The less time from the user watching a video, the less likely
they are to want to watch another one. In this case, a separate value function instance
estimates the value of each action, for example by multiplying the feature x with a weight b

and adds a bias parameter a to the product.

[0044] V =a+bx

[0045] The two parameters bias a and weight b are initialized to small non-zero values. The
system evaluates the value function for both actions in response to an opportunity to show a
video, for example the user unlocking the device. It then chooses the action, whose value

function has a higher value based on the current value of x, the time since last watched ad.
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[0046] Figure 2 illustrates a state transition graph 200. In the example, the system chooses
to wait 201 for the next opportunity (i.e. delay). For waiting, the reward could be fixed or be a
negative value tied to time, for example a fixed negative reward per hour of waiting or per
unit of system usage, so that the user’s use of the system without been shown videos would
lead to an increasing negative reward. The reward is then used to adapt the value function for
the wait action, so that the predicted value is closer to the realized reward. Someone skilled in
the practice of machine learning can implement the learning of the parameters a and b in the

value function. One possible realization of the learning is shown as an example.

[0047] With the next opportunity, the evaluation of the two value functions results in the
system attempting to show 202 the video, and it then tracks the response. If the user watches
the video, the system applies a positive reward. If the user dismisses or skips the video, the
system applies a negative reward. In this example, the user rejects the video and the system

receives a negative reward.

[0048] The negative reward is then used to adapt the value function, so that the predicted
value is closer to the realized reward. This is done both for the initial wait action and the
following the show action, so that the negative value from showing the video affects the chain
of actions leading to it being shown. Someone skilled in the practice of machine learning can
implement the learning of the parameters a and b in the value functions for both actions.
Possible realizations of the learning using different learning mechanisms are shown as

examples herein.

[0049] After adapting the value functions to the new learning, the system will wait for the

next opportunity.

[0050] Due to learning from sequences of actions, the mobile advertising system learns that
it is better to wait even in a situation with a relatively large probability of the user viewing the
video, if this situation is typically followed by a situation with an even higher probability.
This has the benefit that the system can find and exploit the best opportunities without extra

algorithms or heuristics to convert the learning predictions into decisions.

[0051] Figure 3 illustrates an example method 300 performed by the mobile communication

device. The device starts by learning 301 based on context data and decides to wait 302.



WO 2017/219089 PCT/AU2017/050637
12

After that, the device evaluates 303 the model and returns back to the learning step 301. After
typically multiple decisions to wait, the evaluation step 303 determines to attempt to show
304 the video. Consequently, the device tracks 305 the response and returns with the
collected learning features to the learning step 301. Finally, the user 306 can be incentivised

in a commercial application example.

[0052] The system can also provide the user reminders of the incentives. For example, if the
user has rejected too many videos within a time period, the system may show a reminder that
a service that the user is subscribing requires the user to watch a certain number of the videos
to remain free. An example of a reminder is shown in Figure 4. Alternatively, a positive
reminder can be used before showing a video, for example that the user can enjoy a unit of
extra free service, if she watches the video. In addition to reminder screens, the system may
display a widget or a screen showing watched videos versus number of required videos to
watch to receive an incentive or reward. The positive reminder can be shown before revealing
the video and the skip button in Figure 7. The incentive widget may also offer the user an
opportunity to watch a video right now and choose which ad to watch. The user may be

provided with an opportunity to choose types of videos to watch.

[0053] Initially, the system has not learned anything about the users preferences and cannot
exploit the learning. The system then needs to explore, which feature values correspond to
good opportunities for showing videos, and which ones correspond to non-ideal opportunities
the system to wait. The exploration and exploitation of learning are balanced to maximize the
value gained over time. This balancing can be implemented by someone skilled in the art, and

examples of ways to do this are given later in the possible embodiments section.

[0054] To speed up the learning and reduce the need for exploration, initial learning
parameters, such as linear regression weights and feature normalization parameters, can be
preloaded onto the device. The learning parameters can be derived offline from parameters
that worked for other similar users, for example by averaging them or training a single model

with all the training data from all the users.

[0055] Figure 5 illustrates how the system can choose both the content item and the timing,

in which case the system can learn 501 which content and time or context are best for the user
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from the publisher’s point of view. The content can be sourced from a single source, for

example an affiliate network 502 or a video network 503 or from multiple sources.

[0056] If there are multiple content items available, the value function is estimated for each
of them. Then the system chooses the action with the highest predicted value to exploit the
past learning. Alternatively, the system can choose to explore new options instead of
exploiting the learning to broaden its knowledge of the value of so far unexplored actions

from the current state.

[0057] Figure 6 illustrates an alternative, where the content selection 601 can be performed
outside the system 602, as shown in Figure 6. With two separate systems working together,
there will be interactions between the content selection and timing. For example, if the
content selection system 601 explores new content that the user has not been exposed to, this
may slow down the learning 602. To manage these interactions, the selection criteria, such as
score or rank and confidence, can be used as inputs for the timing. Further, the criteria can
also be used to inform the system of whether to try to show the content multiple times, if the

user skips the content the first time.

[0058] The user interface can also be designed to provide separate feedback mechanisms for
the content selection and the timing. In Figure 7., the system transitions from normal view, for
example home screen view, to the video view with an animation where the video slides
slowly in from the right. Before the video slides in an incentive screen is shown before it to
remind the user why she should watch the video. While the video is sliding in, there is a
button “Not now” allowing the user to skip the video, which explicitly signals that this was a
bad moment for a video. After the video has taken over the screen, there will be a different
skip button as shown in Figure 8. The “Not this ad” button explicitly signals that the user does
not want to see this advertisement, but would be willing to watch another one. If content
selection and timing are handled by separate systems, then having explicit feedback signals
for both will speed the learning and allow independent exploration of new content and timing

options.

[0059] The learned value functions can be evaluated on the device or on a server or a set of
servers. Adapting the parameters of the value functions to the rewards received, that is

performing the learning, can also be done either on the device or in the cloud. Choosing
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between these options presents a trade-off. Applying the model on the device has the upside
of reducing the latency of showing content, which may improve the user experience. If
learning the parameters for the value function is computationally relatively light, as in the
case of some iterative solutions such as the one shown in the first embodiment of the
invention, the learning can be done on the device as well. Having both the evaluation and
learning of the value function on the device has two upsides: 1) it protects the privacy of the
user data, which does not need to leave the device and 2) the computations are offloaded to

the user devices, which may lower the costs of operating the service.

[0060] However, if more complex value function methods, such as ensembles of decision
trees or multilayer neural networks, are used due to their superior predictive powers, then
updating the model parameters based on learning may be computationally infeasible on the
device. In this case, the learning can be offloaded onto a server or set of servers, while

optionally keeping the model application on the device.

[0061] As a third option, having both the value function learning and evaluation on the
server additionally allows using inputs that are not available on the device, such as

information about the user profile or information about other users or their content behavior.

[0062] DESCRIPTION OF POSSIBLE EMBODIMENTS

[0063] FIRST POSSIBLE EMBODIMENT

[0064] In one possible embodiment of the invention, the system is implemented using
reinforcement learning with linear function approximation{Baird} using stochastic gradient
descent [Zhang]. Reinforcement learning is a class of machine learning techniques, that allow
using rewards to train models, providing one realization of the training. Linear function
approximation uses a linear regression algorithm that maps feature values to predicted values
for each action. Stochastic gradient descent is an iterative training method that is used to learn
the best-fit values for the bias and weight parameters of the linear regression equation. It

allows updating the parameters one sample at a time.

[0065] In this embodiment the user receives free premium music and movie content access

in exchange for watching videos. The user is thus incentivized to watch a large number of
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videos and there are no specific rules limiting the number of videos shown. The video load is
controlled fully by the learning, so that videos are shown whenever the expected reward is
larger than that of waiting. With too many videos the user will skip more of them and the
realized rewards of showing videos will drop compared to waiting and the system will

decrease the frequency of the videos to only show them at the best opportunities.

[0066] The system learns the effects of its actions by updating the value function model by
taking into account the difference between the estimated value of the chosen action and the

realized reward of the action, and the reward of the next actions taken.

[0067] The system is preloaded with learning parameters for linear function approximation
and chooses whether to show a video or not, and learns from the outcome. The videos are
chosen by an external content selection system, which also includes the score of the video

based on output from a recommendation engine.

[0068] The system is configured to use two features, the number of applications opened in
last 10 minutes as a feature (Xapps) and the recommendation score (Xscore). fOr linear function
approximation. Upon watching a video advertisement completely, a reward (r) of 0.5 is
received and upon skipping a video advertisement a reward of -0.3 is received. If the user
also installs the application being advertised or buys the product being advertised, a reward of
1.0 is received. Further, the system uses a learning rate of 0.2 and a reward discount factor of
0.8. The learning rate determines how quickly weights are changed in response to learning
and the discount factor determines how much the rewards of the current action affect past
actions. The system also uses epsilon greedy learning with an epsilon of 0.05. The epsilon
controls the exploration rate, 95% of the time the system chooses the highest valued action

and 5% of the time it chooses randomly an action to avoid getting stuck in a local minima.

[0069] The system is initialized to have a weight (wWappss) of 0.1 for the number of apps
opened in the last ten minutes feature for the function approximating the value of showing a
video and a weight (wp,.p) of -0.1 for the function approximating the value of waiting and
not showing a video. The weight for the score of the content (wWscores) 1s initialized to 0.2 for
showing the video and to -0.1 for waiting (Wsc.rep). The initial values are based on averaging

weights from existing users with similar expected behavior based on customer segment.
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[0070] The value of the number of apps opened in the last ten minutes feature is normalized
by subtracting its mean in this case 5 and dividing by its maximum value 10. The value of the
content score feature is normalized by subtracting its mean 50 and dividing by its maximum

value 100. The mean and maximum values are preset based on average values across users.

[0071] The expected reward for delaying can be calculated:

[0072] Fg = WAppsD*( xApps'S)/]O + WScoreD*(xScore '50)/] 00

[0073] Similarly, the expected reward for showing can be calculated:

[0074] Fs = Wappss *( xApps'S)/]O + Wscores >k(-XScore '50)/] 00

[0075] Now let us look at a specific decision scenario. The user of the system has opened 1
app in the last 10 minutes and an opportunity comes to show a video with a recommendation
score of 50. The system performs a check by drawing a random number between 0 and 1 and
compares that with epsilon. The random number was larger than 0.05 and the system chooses
to use the best known action. The system calculates the value function value for the show and
wait cases by calculating the sum of the products of the weights and normalized features. For
the show action, the value is 0.1 * (1 -5)/ 10+ 0.2 * (50 - 50) / 100 = -0.04 and for the wait
action the value is -0.1 * (1 -5) /10 - 0.1 * (50 - 50) / 100= 0.04. The predicted value from
waiting is larger than the predicted value from waiting and the user is not shown the video,

instead the system will wait for the next opportunity.

[0076] Next, the user of the system has opened 6 apps in the last 10 minutes and a new
opportunity comes to show the same video with a recommendation score of 50. Again, the
system performs a check by drawing a random number between 0 and 1 and compares that
with epsilon. The random number was larger than 0.05 and the system chooses to use the best
known action. The system calculates the value function value for show and wait cases. For the
show action, the value is 0.1 * (6 - 5) / 10 + 0.2 * (50 - 50) / 100 = 0.01 and for the wait
action the value is -0.1 * (6 - 5) / 10 - 0.1 * (50 - 50) / 100=-0.01. Now, the predicted value

from showing is larger than the predicted value from waiting and the user is shown the video.

[0077] The user watches the whole ad video and installs the application being advertised,

and the system receives the reward 1.0.
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[0078] In contrast to supervised learning procedures, reinforcement learning connects the
sequence of actions leading to the reward. In this example, by waiting at the first opportunity,
the system gets a chance to show the video at a better opportunity. The system learns the
benefits of waiting by propagating a discounted reward to the previous wait action. This
example uses State-Action-Reward-State-Action (SARSA) algorithm, in which the system

learns from the rewards of the taken actions[Singh].

[0079] The reward of 1.0 is multiplied by a discount factor, which in this example is set to
0.8 and the weights for the wait action are updated based on the feature values present at the
time of the wait decision. The new weights are calculated by subtracting from the old weight
the difference between the predicted reward and the discounted realized reward multiplied by
the value of the feature and the learning rate. The new weight for the number of apps opened
in the last ten minutes feature becomes then -0.1 — 0.2 * (0.04 - 0.8%1.0) * -0.4 =-0.1608. The

weight for the content score remains the same, since its value was 0.

[0080] The decision to show the video ends the action chain for this ad and therefore also
the weights for the show action are updated. The reward of 1.0 is used to update the weights
for the show action. The new weight is calculated by subtracting from the old weight the
difference between the prediction and the actual reward multiplied by the value of the feature
and the learning rate. The new weight for the number of apps opened in the last ten minutes
feature becomes then 0.1 - 0.2*%(0.1-1)*0.1 = 0.118. The weight for the video score feature

does not change, since the value of the feature was 0.

[0081] SECOND POSSIBLE EMBODIMENT

[0082] In a second possible embodiment of the invention, the video timing and ad selection
are combined into the learning. There are two types of videos with different revenues per ad,
car videos with higher revenue 10c per view and detergent videos with a revenue of 5c per
view. In this embodiment the user receives free mobile data in exchange for watching three
videos per day to completion. The user is thus incentivized to watch three videos and after
those has no incentives to watch anymore and any videos shown after those are very unlikely
to be watched and will only annoy the user. To deal with this constraint, the system uses a

rule that limits the videos per day that are shown to the user, so that after three watched
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videos, no more will be shown. The learning will ensure that the system shows the videos at

the best times.

[0083] The system is configured to use the number of videos that the user still needs to
watch in the next 12 hours as a feature for linear function approximation. Upon watching a
video advertisement completely, a reward of 1 is received for car videos and a reward of 0.5
for detergent videos. These rewards are derived directly from the video revenue by dividing
the monetary reward for each ad type by the maximum value of 10c per view. Upon skipping
a video advertisement a reward of -0.3 is received. Further, the system uses a learning rate of

0.2.

[0084] The system is initialized to have a weight of 0.1 for the number of videos that the
user still needs to watch in the next 12 hours for the function approximating the value of
showing a video and a weight of -0.1 for the function approximating the value of waiting and
not showing a video. The system also uses two content meta data features, content topic
“cars” with weight 0.1 for showing and O for waiting and content topic “detergent” with
weight 0.05 for showing and O for waiting. The difference in the initial weights is due to the

difference in the rewards and assumes that users are as likely to watch either ad.

[0085] The value of the number of videos that the user still needs to watch in the next 12
hours feature is normalized by subtracting its mean in this case 0.75 and dividing by its
maximum value 3. The mean and maximum values are preset based on average values across

users. The “cars” and “detergent” features have an average value of 0 and maximum value of

1.

[0086] The user of the system needs to watch 2 more videos in the next 12 hours and an
opportunity comes to show a video. There are two possible videos, one with the topic “cars”,
and another one with the topic “detergent”. The system calculates the value function value

for show and wait cases for both videos.

[0087] For the “cars” video and show action, the value is 0.1 * (2-0.75)/3 + 0.1 * (1-0)/1 =
0.52 and for the wait action the value is -0.1 * (2-0.75)/3 + 0 = -0.42.
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[0088] For the “detergent” video and show action, the value is 0.1 * (2-0.75)/3 + 0.05 * (1-
0)/1 =0.47 and for the wait action the value is -0.1 * (2-0.75)/3 + 0 = -0.42.

[0089] There are two options, 1) show car video and wait with detergent ad and 2) show
detergent video and wait with the car ad. The option 1) has a higher combined value and it is

chosen.

[0090] The user watches the whole car video and the system receives the reward 1. This is
used to update the weights for the show action. The new weights are calculated by subtracting
from the old weight the difference between the prediction and the actual reward multiplied by

the value of the feature and the learning rate.

[0091] The new weight for the number of apps opened feature becomes then 0.1 - (0.11-
1)*0.1%0.2 = 0.1178. The new weight for the “cars” feature becomes then 0.1 - (0.11-
1)*1.0%0.2 = 0.278. The weight for the “detergent” feature does not change.

[0092] THIRD POSSIBLE EMBODIMENT

[0093] In a third possible embodiment of the invention, the user may be shown a video that
interrupts her usage of the phone based on her reaction to an associated short video being

played on the lock screen or wallpaper of the phone.

[0094] The user is shown a video on the phone lock screen, after she turns the screen on, but
before she unlocks the keyguard. The system records how she watches the video before

unlocking her keyguard.

[0095] Then, when the keyguard is unlocked, the system may show a longer video or a call
to action screen associated with the first video before displaying the most recent app or the
home screen. The system uses the user’s response to the first video, including how long she
watched it, and how long her eyes were focused on the video or how long her face was
detected, as additional inputs for the function approximation used for deciding whether to
show the video. The percentage of the first video watched with eyes focused on it is used as

the feature with the values of the feature varying from O to 1.
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Upon responding to the call to action for the video, a reward of 1 is received and upon
skipping the screen a reward of -0.3 is received. A reward of 0 is received for waiting.
Further, the system uses a learning rate of 0.2 and a reward discount factor of 0.8. The system
also uses epsilon greedy learning with an epsilon of 0.05. The system is initialized with a
weight of 0.5 for the video completion feature for show action and a weight of -0.3 for

waiting. The feature is normalized by subtracting a mean of 0.5.

[0096] The user watches 30% of the video on the lock screen before unlocking the
keyguard. The exploration versus exploiting of model check is performed as in previous

examples.

[0097] The value function approximation for showing the call to action screen is : 0.5%(0.3-
0.5) =-0.1. The approximation for waiting is -0.3 * (0.3-0.5) = 0.06. The system chooses the

higher value option and waits.

[0098] FOURTH POSSIBLE EMBODIMENT

[0099] In a fourth possible embodiment of the invention, the user is primed for a video that
interrupts her usage of the phone by an associated video or image ad being shown on the lock
screen or wallpaper of the phone. The embodiment is similar as the third one, except that the
system uses the captured video frames or photographs of the user’s reaction to the short video
as inputs to the value function and the value function is trained on a server using inputs from
all the users. Using the frames from the video or photographs has the potential benefit of
capturing the user’s emotional reaction to the video, which is likely to reveal more
information about the user’s receptiveness to the service or product that was advertised than

less direct metrics.

[0100] The user is shown a video or image ad on the phone lock screen, after she turns the
screen on, but before she unlocks the keyguard. A video can be shown every time the user
turns the screen on, periodically, or using a value function to estimate the best moment to
nudge the user with a non-interruptive video. Use of a value function would essentially chain
two value functions together, with the first one deciding whether to nudge the user with a
non-interruptive ad, and the second one after the nudge to decide whether to interrupt the user

with a call to action or a more interruptive video. The use of a first value function is described
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in embodiments one, two and five. The reward for the first value function for showing the
video can be based on whether the user finishes the video before unlocking the phone

combined with the outcome of the possible call to action.

[0101] The system records a video using a user-facing camera that captures the user’s face
during the time between the screen on and keyguard unlock events. A sampled set of one or
more video frames are used as an input to a neural network that estimates the value of
showing the user a call to action screen after unlocking. These images capture the user’s
response to the video. Then, when the keyguard is unlocked, based on the value function
estimate, the system may show a longer video advertisement or a call to action screen
associated with the first ad before displaying an app or the home screen or as a notification.
The value function can also choose between multiple ways of showing a follow up ad or call
to action, for example showing the call to action as a full screen overlay or as a notification.
The decision is done using an epsilon-greedy approach with the value of the epsilon
decreasing with increased data samples from 0.5 to 0.1. The approach chooses the best action
according to the value function with a probability of 1-epsilon and a random action with a

probability of epsilon.

[0102] The system records the response of the user responds to the call to action or longer
video ad. The response together with the video frames recorded during the video preceding
the action are bundled into a training data point. This training data point and previous training
data points for “wait” actions leading to the “show” action form a sequence of data points.
The recorded sequences are uploaded to a server at a suitable moment, when the device has

high bandwidth or low cost network connectivity, and is charging or has a high battery level.

[0103] The server trains the neural network model using the sequences of data points from
users, so that each sequence consists of one or more events with wait decisions followed by
an event with a show decision resulting in a user response. The server maps the user response
to areward. The neural network model is then trained with the uploaded frames from each
data point as a single training sample using a discounted version of the eventual reward as the
label of the training sample. For example, using a discount factor of 0.9 and a positive reward
of 1, a training sample of a successful show action would get the full reward 1 as the label. A

training sample of a wait action two steps away would get 0.9%0.9%1=0.81 as its label.
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Training of a neural network with images as inputs is a technique described in [Lecun, Mnih]

and a skilled practitioner in the art can implement it.

[0104] Using sequences of events can lead to instability of the learning in the neural
network. Random sampling of the training data batches as discussed in related work [Mnih]

can help with this.

[0105] The devices fetch an updated value function model from the server periodically and
start applying the new model. In this embodiment, the users share the same model, but the

inputs are personalized, finding the best moments to show the video to each user.

[0106] FIFTH POSSIBLE EMBODIMENT

[0107] In a fifth possible embodiment, the value function is implemented using an ensemble
model of decision trees. The learning of the model is performed on a server and the network is
evaluated on the device. The value function is used for choosing the best moment for showing
the video based on a set of inputs describing the receptivity of the user and a content score for

the video.

[0108] The system tracks the opening of apps on the device, that is which apps are opened
and when. This information is derived into features: number of games opened in last 20
minutes, number of productivity apps opened in last 20 minutes, number of communication
apps opened in last 20 minutes, and last used app name and category. These features are used
to provide an estimate of the user’s boredom level, that is would they be annoyed at being
shown content they did not request. Further, the system tracks the in app behavior of the user,
such as number of keys pressed, to estimate if the user is more in an active mindset or
passively consuming information. In addition to the pure contextual data, the system tracks
the time from last watched ad to model the video load, and the score of the video chosen by
the content selection system to model how likely the user is to open the video in general.

These features are then used as inputs for the value function.

[0109] The model for the value function is evaluated on the device, when the user leaves an
application. The devices upload sequences of training data, consisting of features and user

responses to the server. The system is trained on a server using sequences of events as in the
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fourth embodiment, except the learning model used in this embodiment is a decision tree
ensemble model. For example, Mondrian forests are a suitable ensemble model

[Lakshminarayanan] for the purpose as they allow training sample-by-sample, instead of
requiring full retraining of the model with new data. A practitioner skilled in the art can

implement the training and evaluation of the value function.

[0110] As in the fourth embodiment, the user’s computing device fetches an updated model
regularly from the server and uploads the training samples to the server. These training

samples may be mixed with random noise to improve the user’s privacy.

[0111] In this embodiment, the users share the same model, but the inputs are personalized,

allowing the shared model to find the best moments to show the video to each user.

[0112] Fig. 9 illustrates a method 900 for selectively playing a video on a mobile
communication device in accordance with the detailed description above. Fig. 10 illustrates a
communication device 1000 comprising a processor 1001 connected to program memory
1002 and data memory 1003. Program code stored on the data memory 1003 causes
processor 1001 to perform method 900 in Fig. 9. Processor 1001 is further connected to
display interface 1004 that communicates with display 1005 to show a video 1006. Processor
1001 is also connected to an antenna module 1007 to receive videos over a wireless network,
such as a cellular network including 3G, 4G, LTE, etc. or WiFi or other networks.
Communication device 1000 also comprises a camera 101 to capture images or videos of the
user’s face, a GPS module 1011 and inertial sensor module 1012 which can all generate

context data.

[0113] When in use, processor 1001 monitors 901 events on the mobile communication
device and upon 902 detecting a trigger event in the events, determines whether to delay the
playing of a first video or to attempt to play the first video. Upon 903 determining to delay
the playing of the first video, processor 1001 stores on a data store a delay record indicative of
a context of the mobile communication device (such as captured by sensors 1011, 1012) in
which the playing of the first video is delayed. Processor 1001 repeats 904 the steps 901, 902
and 903 of monitoring events and upon determining to delay the playing of the first video,
storing a delay record indicative of a context of the mobile communication device in which

the playing of the first video is delayed, to generate multiple delay records representing
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multiple points in time when the playing of the first video is delayed and each of the multiple
delay records indicates a respective context of the mobile communication device. In a sense,

the multiple records constitute learning samples with feature values but without label values.

[0114] Further, upon 905 determining to attempt to play the first video, processor 1001
displays a user control on the mobile communication device, such as a skip button, to allow
the user to reject the first video, such as by skipping the video. Processor 1001 also stores
906 an attempt record indicative of a context of the mobile communication device in which

the playing of the first video is attempted.

[0115] Upon 907 detecting user interaction with the user control element indicative of the
user rejecting the first video, calculating a first relationship between the context data of the
multiple delay records, the attempt record, and the user interaction with the user control
element. In a sense, the user interaction creates the label values for the stored learning
samples and calculating the relationship performs machine learning using the learning
samples that now include feature values as well as label values. The details of calculating this
relationship are provided above in relation to the value functions and other machine learning

methods that are disclosed herein.

[0116] Processor 1001 then determines 1008 whether to delay the playing of a second video
or to play the second video based on the first relationship between the context data of the
multiple delay records, the attempt record and the user interaction with the user control
element and based on a current context of the mobile communication device. Finally, upon

determining to play the second video, processor 1001 plays the second video.

[0117] Although communications port 1007 and display port 1004 are shown as distinct
entities, it is to be understood that any kind of data port may be used to receive data, such as a
network connection, a memory interface, a pin of the chip package of processor 1001, or
logical ports, such as IP sockets or parameters of functions stored on program memory 1002
and executed by processor 1001. These parameters may be stored on data memory 1003 and

may be handled by-value or by-reference, that is, as a pointer, in the source code.

[0118] The processor 1001 may receive data through all these interfaces, which includes

memory access of volatile memory, such as cache or RAM, or non-volatile memory, such as
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an optical disk drive, hard disk drive, storage server or cloud storage. Processor 1001 may
further be part of a cloud computing environment, such as a managed group of interconnected

servers hosting a dynamic number of virtual machines.

[0119] Itis to be understood that any receiving step may be preceded by the processor 1001
determining or computing the data that is later received. For example, the processor 1001
determines a context and stores the context in data memory 1003, such as RAM or a processor
register. The processor 1001 then requests the data from the data memory 1003, such as by
providing a read signal together with a memory address. The data memory 1003 provides the
data as a voltage signal on a physical bit line and the processor 1001 receives the context via a

memory interface.

[0120] Ttis to be understood that throughout this disclosure unless stated otherwise, nodes,
edges, graphs, solutions, variables, events, context, relationships and the like refer to data
structures, which are physically stored on data memory 1003 or processed by processor 1001.
Further, for the sake of brevity when reference is made to particular variable names, such as
“context” or “relationship” this is to be understood to refer to values of variables stored as

physical data in computer system 1001.

[0121] Further, Figure 9 is to be understood as a blueprint for the software program and may
be implemented step-by-step, such that each step in Figure 9 is represented by a function in a
programming language, such as C++ or Java. The resulting source code is then compiled and

stored as computer executable instructions on program memory 1002.

[0122] FURTHER EXAMPLES

[0123] Videos may be shown inside an application. Further, user's past use of the
application, history of viewed application content may be part of the context. Some
examples of application context include products viewed, time spent within each screen or
activity, what videos or images did the user view, did the user go back to a product in the
application. The advantage is that users may respond to certain videos better in some
application contexts which will be reflected in the value functions, that is, the relationship

between the user interaction and the context in past records..
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[0124] The system (model), that is the relationship, can be trained on multiple users or a
single user. If a separate copy of the system exists for each user, they may share the starting
point configuration trained on a set of users behavioural data. This configuration can be
expressed as a set of distributions for different system parameters. The distribution of each
parameter is from a set of one or more systems trained over the existing users behavioural
data. For example in the case of Bayesian linear regression, a single model may be trained

over all the users data with the model parameters having a probability distribution.

[0125] As a second example, if the system runs on mobile devices, to protect the user's
privacy and avoid collecting behavioural data, the parameters of the individual systems may
be collected and combined into distributions on the server. Each new user's system model
may then use the distributions as the starting values for their own system. This way new
users starting configuration will emphasize parameters for which the values were uniform for
the other users with a peaky and narrow distribution, while de-emphasizing starting values for

parameters which varied between the users through a flatter and wider distribution.

[0126] - Instead of switching between exploring new options and exploiting the acquired
learning as discussed above, these two modes can be combined. When deciding whether to
show a video at a time, the decision can be probabilistic, and the confidence in the expected
rewards can be used to choose between actions in additions to the expected values of reward
for each action. For example, the system may always choose the action with the highest upper
bound of confidence. The confidence can be derived from the distributions of the parameters

using Bayesian methods.

[0127] Instead of explicit confidence values, the expected rewards for each action may be
drawn from a probabilistic learning process, which narrows down the distribution of values
with increased learning, and the action with the highest reward is always chosen. In one

example, the system applies Thompson sampling for this purpose.

[0128] It will be appreciated by persons skilled in the art that numerous variations and/or
modifications may be made to the above-described embodiments, without departing from the
broad general scope of the present disclosure. The present embodiments are, therefore, to be

considered in all respects as illustrative and not restrictive.
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CLAIMS:

1. A method for selectively playing a video on a mobile communication device, the
method comprising:

monitoring events on the mobile communication device;

upon detecting a trigger event in the events, determining whether to delay the playing
of a first video or to attempt to play the first video;

upon determining to delay the playing of the first video, storing on a data store a
delay record indicative of a context of the mobile communication device in which the playing
of the first video is delayed;

repeating the steps of monitoring events and upon determining to delay the playing
of the first video, storing a delay record indicative of a context of the mobile communication
device in which the playing of the first video is delayed, to generate multiple delay records
representing multiple points in time when the playing of the first video is delayed and each of
the multiple delay records indicates a respective context of the mobile communication device;

upon determining to attempt to play the first video, displaying a user control on the
mobile communication device to allow the user to reject the first video;

storing an attempt record indicative of a context of the mobile communication device
in which the playing of the first video is attempted;

upon detecting user interaction with the user control element indicative of the user
rejecting the first video, calculating a first relationship between the context data of the
multiple delay records, the attempt record, and the user interaction with the user control
element;

determining whether to delay the playing of a second video or to play the second
video based on the first relationship between the context data of the multiple delay records,
the attempt record and the user interaction with the user control element and based on a
current context of the mobile communication device; and

upon determining to play the second video, playing the second video.

2. The method of claim 1, wherein monitoring events comprises monitoring events

generated by a user interacting with the mobile communication device.

3. The method of any one of the preceding claims, wherein the video comprises an

advertisement video.



WO 2017/219089 PCT/AU2017/050637
29

4. The method of any one of the preceding claims, wherein the context is independent
from the video and includes one or more of time of day, user activity, active apps and sensor

data.

5. The method of any one of the preceding claims, wherein calculating a relationship
comprises calculating one or more of a positive weight upon the video being played, a
negative weight upon the video being rejected and a negative weight upon the video being

delayed.

6. The method of any one of the preceding claims, wherein calculating the relationship
comprises calculating a value function that maps feature values to expected benefits of

delaying and/or attempting to play the video.

7. The method of claim 6, wherein the value function is based on a time elapsed since
last played video.
8. The method of claim 6 or 7, wherein calculating the relationship comprises

calculating a first value function and a second value functions, the first value function is in

relation to attempting to play the video and the second value function is in relation to delaying

the video.
9. The method of any one of claims 6 to 8, wherein the value function is linear.
10. The method of any one of claims 6 to 9, wherein the value function is based on

parameters reflecting the relationship.

11. The method of any one of the preceding claims, wherein calculating the relationship

comprises reinforcement learning and/or linear regression.

12. The method of any one of the preceding claims, wherein calculating the relationship
and determining whether to delay the playing of the second video is based on an ensemble

model of decision trees or on a neural network or both.
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13. The method of any one of the preceding claims, wherein determining whether to
delay the playing of the second video is based on a predetermined number of times a video is

to be played.

14. The method of any one of the preceding claims, further comprising allocating an

incentive to the user upon playing the video.

15. The method of claim 14, further comprising recording a video of the user and

determining allocating the incentive based on a facial expression detected in the video.

16. The method of any one of the preceding claims, wherein calculating the relationship
comprises sending training data to a server and retrieving relationship parameters from the

SCrver.

17. The method of any one of the preceding claims, further comprising selecting the

second video from multiple candidate videos.

18. The method of claim 17, wherein selecting the second video is based on meta-data of
the second video and a second relationship between meta-data of the first video and the user

interaction with the user control element.

19. A mobile communication device for selectively playing a video on a mobile
communication device, the mobile communication device comprising:
a user interface to allow user interaction to generate events;
a network connector to receive videos over a wireless data network;
a non-volatile memory to store videos and to store program code; and
a processor configured by the program code to:
monitor the events on the mobile communication device;
upon detecting a trigger event in the events, determine whether to delay the
playing of a first video or to attempt to play the first video;
upon determining to delay the playing of the first video, store on a data store a
delay record indicative of a context of the mobile communication device in which the playing

of the first video is delayed;
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repeat the steps of monitoring events and upon determining to delay the
playing of the first video, storing a delay record indicative of a context of the mobile
communication device in which the playing of the first video is delayed, to generate multiple
delay records representing multiple points in time when the playing of the first video is
delayed and each of the multiple delay records indicates a respective context of the mobile
communication device;

upon determining to attempt to play the first video, display a user control on
the mobile communication device to allow the user to reject the first video;

store an attempt record indicative of a context of the mobile communication
device in which the playing of the first video is attempted;

upon detecting user interaction with the user control element indicative of the
user rejecting the first video, calculate a first relationship between the context data of the
multiple delay records, the attempt record, and the user interaction with the user control
element;

determine whether to delay the playing of a second video or to play the second
video based on the first relationship between the context data of the multiple delay records,
the attempt record and the user interaction with the user control element and based on a
current context of the mobile communication device; and

upon determining to play the second video, play the second video on the user

interface.
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