w0 2020/013577 A1 |0 0000 KOO0 0 0

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

J

=

(19) World Intellectual Property
Organization
International Bureau

(43) International Publication Date
16 January 2020 (16.01.2020)

‘O 00 00O 0 0 0 A
(10) International Publication Number

WO 2020/013577 Al

WIPO I PCT

1)

@n

22)

@5
(26)
30)

(71)

(72)

(74)

@81)

International Patent Classification:
HO4N 21/466 (2011.01) HO4N 21/8545 (2011.01)
HO4N 21/472 (2011.01) HO4N 21/845 (2011.01)

International Application Number:
PCT/KR2019/008431

International Filing Date:
09 July 2019 (09.07.2019)

Filing Language: English
Publication Language: English
Priority Data:

62/697,963 13 July 2018 (13.07.2018) UsS
16/235,983 28 December 2018 (28.12.2018) US

Applicant: SAMSUNG ELECTRONICS CO., LTD.
[KR/KR]; 129, Samsung-ro, Yeongtong-gu, Suwon-si,
Gyeonggi-do 16677 (KR).

Inventors: SRINIVASAN, Vijay;, 665 Clyde Avenue,
Mountain View, California 94043 (US). JIN, Hongxia; 665
Clyde Avenue, Mountain View, California 94043 (US).

Agent: LEE, Keon-Joo et al.; Mihwa Bldg., 16 Dachak-ro
9-gil, Chongro-gu, Seoul 03079 (KR).

Designated States (unless otherwise indicated, for every
kind of national protection available). AE, AG, AL, AM,
AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY, BZ,

84

CA, CH, CL, CN, CO, CR, CU, CZ, DE, DJ, DK, DM, DO,
DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT, 1IN,
HR, HU, ID, IL, IN, IR, IS, JO, JP, KE, KG, KH, KN, KP,
KR,KW,KZ, LA, LC,LK,LR, LS, LU, LY, MA, MD, ME,
MG, MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ,
OM, PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA,
SC, SD, SE, SG, SK, SL, SM, ST, SV, SY, TH, TJ, TM, TN,
TR, TT, TZ, UA, UG, US, UZ, VC, VN, ZA, ZM, ZW.

Designated States (unless otherwise indicated, for every
kind of regional protection available): ARIPO (BW, GH,
GM, KE, LR, LS, MW, MZ,NA, RW, SD, SL, ST, SZ, TZ,
UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU, TJ,
TM), European (AL, AT, BE, BG, CH, CY, CZ, DE, DK,
EE, ES, FI, FR, GB, GR, HR, HU, IE, IS, IT, LT, LU, LV,
MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SI, SK, SM,
TR), OAPI (BF, BJ, CF, CG, CI, CM, GA, GN, GQ, GW,
KM, ML, MR, NE, SN, TD, TG).

Published:

with international search report (Art. 21(3))

(54) Title: ELECTRONIC DEVICE AND METHOD FOR PREDICTING USER ACTIONS ON UBIQUITOUS DEVICES

120

Electronic Device
121
Display
122
Microphone

100

N
<3

Audio Output
124

Input
Mechanism

125

140

Cloud/Server

Communications

_ |
126 I Model Selection |
Over ; and !
NewordCloud | | Acion |
127 | Processing |

,,,,,,,,,,

Applications 1-N

2
L3

Camera
129
Processing and
lemory
131
Model Selection
and
Action
Processing

i

(57) Abstract: A method includes that for each model from multiple models, evalu-
ating a model prediction accuracy based on a dataset of a user over a first time dura-
tion. The dataset includes a sequence of actions with corresponding contexts based on
clectronic device interactions. Each model is trained to predict a next action at a time
point within the first time duration, based on a first behavior sequence over a first
time period from the dataset before the time point, a second behavior sequence over
a second time period from the dataset before the time point, and context at the time
point. A model is selected from the multiple models based on its model prediction
accuracy for the user based ona domain. An action to be initiated at a later time using
an electronic device of the user is recommended using the selected model during a
second time duration.
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Description

Title of Invention: ELECTRONIC DEVICE AND METHOD FOR
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PREDICTING USER ACTIONS ON UBIQUITOUS DEVICES

Technical Field

One or more embodiments generally relate to actions on ubiquitous devices, in
particular, to predicting next actions on ubiquitous devices based on context-aware

recurrent modeling.

Background Art

Users perform numerous actions such as ordering food, watching movies, and
playing games on ubiquitous computing devices such as smartphones, smart speakers
and smart televisions (TVs). Ubiquitous devices increasingly collect detailed device
usage logs such as apps used or content viewed along with user context logs such as
location and physical activities; these logs are typically used to personalize the device
better and provide feedback to the user on her location timeline, physical activities, or
device usage patterns for her digital well-being. Given the recent advances in recurrent
models such as GRUs (Gated Recurrent Units) and LSTMs (Long-Short Term
Memory models) for population-level recommendation systems, an exciting direction
that remains unexplored is how to build personal recurrent models appropriately in-

corporated with contextual features to predict user actions on ubiquitous devices.
Disclosure of Invention

Solution to Problem

One or more embodiments generally relate to predicting next actions on ubiquitous
devices based on evaluation of multiple models and selection of a context-aware
recurrent model. In one embodiment, a method includes that for each model from
multiple models, evaluating a model prediction accuracy based on a dataset of a user
over a first time duration. The dataset includes a sequence of actions with corre-
sponding contexts based on electronic device interactions. Each model is trained to
predict a next action at a time point within the first time duration, based on a first
behavior sequence over a first time period from the dataset before the time point, a
second behavior sequence over a second time period from the dataset before the time
point, and context at the time point. A model is selected from the multiple models
based on its model prediction accuracy for the user based on a domain. An action to be
initiated at a later time using an electronic device of the user is recommended using the
selected model during a second time duration.

In some embodiments, an electronic device includes a memory storing instructions.

At least one processor executes the instructions including a process configured to: for
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each model from a plurality of models, evaluate a model prediction accuracy based on
a dataset of a user over a first time duration, wherein: the dataset comprises a sequence
of actions with corresponding contexts based on electronic device interactions, and
each model is trained to predict a next action at a time point within the first time
duration, based on a first behavior sequence over a first time period from the dataset
before the time point, a second behavior sequence over a second time period from the
dataset before the time point, and context at the time point; select a model from the
plurality of models based on its model prediction accuracy for the user based on a
domain; and recommend an action to be initiated at a later time using the electronic

device using the selected model during a second time duration.
In one or more embodiments, a non-transitory processor-readable medium that

includes a program that when executed by a processor performing a method that
includes for each model from multiple models, evaluating a model prediction accuracy
based on a dataset of a user over a first time duration. The dataset includes a sequence
of actions with corresponding contexts based on electronic device interactions. Each
model is trained to predict a next action at a time point within the first time duration,
based on a first behavior sequence over a first time period from the dataset before the
time point, a second behavior sequence over a second time period from the dataset
before the time point, and context at the time point. A model is selected from the
multiple models based on its model prediction accuracy for the user based on a
domain. An action to be initiated at a later time using an electronic device of the user is
recommended using the selected model during a second time duration.

These and other aspects and advantages of one or more embodiments will become
apparent from the following detailed description, which, when taken in conjunction
with the drawings, illustrate by way of example the principles of the one or more em-
bodiments.

Brief Description of Drawings

For a fuller understanding of the nature and advantages of the embodiments, as well
as a preferred mode of use, reference should be made to the following detailed de-
scription read in conjunction with the accompanying drawings, in which:

FIG. 1 shows a schematic view of a communications system, according to some em-
bodiments;

FIG. 2 shows a block diagram of architecture for a system including an electronic
device and a cloud or server environment, that is capable of performing individually or
in combination, predicting next actions on ubiquitous devices based on context-aware
recurrent modeling processing, according to some embodiments;

FIG. 3 shows a high-level flow diagram for selection of a personal contextual-aware
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recurrent model and prediction processing, according to some embodiments;
FIG. 4 shows a gated recurrent unit (GRU) unit underlying predictive models,

according to some embodiments;

FIG. 5A shows a contextual GRU predictor with concatenation at an input, according
to some embodiments;

FIG. 5B shows a contextual GRU predictor with concatenation at an output,
according to some embodiments;

FIG. 5C shows a contextual GRU predictor with concatenation at an input and
output, according to some embodiments;

FIG. 6 shows a joint training network architecture to combine contextual features
with a final GRU hidden state, according to some embodiments;

FIG. 7 shows an architecture of a contextual attention-based recurrent predictor
model, according to some embodiments;

FIG. 8 shows an example of leveraged short term behavior and current context
assigned attention weights for recent and past user behavior as captured by GRU states
by the contextual attention-based recurrent predictor model, according to some em-
bodiments;

FIG. 9 shows a block diagram of a process for predicting next actions on ubiquitous
devices based on context-aware recurrent modeling, according to some embodiments;
and

FIG. 10 is a high-level block diagram showing an information processing system
comprising a computing system implementing one or more embodiments.

Mode for the Invention

The following description is made for the purpose of illustrating the general
principles of one or more embodiments and is not meant to limit the inventive concepts
claimed herein. Further, particular features described herein can be used in com-
bination with other described features in each of the various possible combinations and
permutations. Unless otherwise specifically defined herein, all terms are to be given
their broadest possible interpretation including meanings implied from the speci-
fication as well as meanings understood by those skilled in the art and/or as defined in
dictionaries, treatises, etc.

It should be noted that the terms "at least one of" refers to one or more than one of
the elements that follow. For example, "at least one of a, b, ¢, or a combination
thereof" may be interpreted as "a," "b," or "c" individually; or as "a" and "b" together
in combination, as "b" and "c" together in combination; as "a" and "c" together in com-
bination; or as "a," "b" and "c" together in combination.

One or more embodiments provide for predicting next actions on ubiquitous devices
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based on evaluation of multiple models and selection of a context-aware recurrent
model. In some embodiments, a method includes that for each model from multiple
models, evaluating a model prediction accuracy based on a dataset of a user over a first
time duration. The dataset includes a sequence of actions with corresponding contexts
based on electronic device interactions. Each model is trained to predict a next action
at a time point within the first time duration, based on a first behavior sequence over a
first time period from the dataset before the time point, a second behavior sequence
over a second time period from the dataset before the time point, and context at the
time point. A model is selected from the multiple models based on its model prediction
accuracy for the user based on a domain. An action to be initiated at a later time using
an electronic device of the user is recommended using the selected model during a
second time duration.

FIG. 1 is a schematic view of a communications system 10, in accordance with one
embodiment. Communications system 10 may include a communications device that
initiates an outgoing communications operation (transmitting device 12) and a commu-
nications network 110, which transmitting device 12 may use to initiate and conduct
communications operations with other communications devices within commu-
nications network 110. For example, communications system 10 may include a com-
munication device that receives the communications operation from the transmitting
device 12 (receiving device 11). Although communications system 10 may include
multiple transmitting devices 12 and receiving devices 11, only one of each is shown
in FIG. 1 to simplify the drawing.

Any suitable circuitry, device, system or combination of these (e.g., a wireless com-
munications infrastructure including communications towers and telecommunications
servers) operative to create a communications network may be used to create commu-
nications network 110. Communications network 110 may be capable of providing
communications using any suitable communications protocol. In some embodiments,
communications network 110 may support, for example, traditional telephone lines,
cable television, Wi-Fi (e.g., an IEEE 802.11 protocol), BLUETOOTH®, high
frequency systems (e.g., 900 MHz, 2.4 GHz, and 5.6 GHz communication systems),
infrared, other relatively localized wireless communication protocol, or any com-
bination thereof. In some embodiments, the communications network 110 may support
protocols used by wireless and cellular phones and personal email devices (e.g., a
BLACKBERR®). Such protocols may include, for example, GSM, GSM plus EDGE,
CDMA, quadband, and other cellular protocols. In another example, a long-range com-
munications protocol can include Wi-Fi and protocols for placing or receiving calls
using VOIP, LAN, WAN, or other TCP-IP based communication protocols. The

transmitting device 12 and receiving device 11, when located within communications
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network 110, may communicate over a bidirectional communication path such as path
13, or over two unidirectional communication paths. Both the transmitting device 12
and receiving device 11 may be capable of initiating a communications operation and
receiving an initiated communications operation.

The transmitting device 12 and receiving device 11 may include any suitable device
for sending and receiving communications operations. For example, the transmitting
device 12 and receiving device 11 may include, but are not limited to devices including
a voice assistant (personal assistant, virtual assistant, etc.) such as mobile telephone
devices, television (TV) systems, smart TV systems, cameras, camcorders, a device
with audio video capabilities, tablets, wearable devices, smart appliances, smart picture
frames, and any other device capable of communicating wirelessly (with or without the
aid of a wireless-enabling accessory system) or via wired pathways (e.g., using tra-
ditional telephone wires). The communications operations may include any suitable
form of communications, including for example, voice communications (e.g.,
telephone calls), data communications (e.g., data and control messaging, e-mails, text
messages, media messages), video communication, or combinations of these (e.g.,
video conferences).

FIG. 2 shows a block diagram of an architecture for a system 100 that is capable of
performing predicting next actions on ubiquitous devices based on context-aware
recurrent modeling using an electronic device 120 (e.g., mobile telephone devices, TV
systems, cameras, camcorders, a device with audio video capabilities, tablets, pad
devices, wearable devices, smart appliances, smart picture frames, smart lighting, etc.),
a cloud or server 140, or a combination of the electronic device 120 and the cloud
computing (e.g., shared pools of configurable computing system resources and higher-
level services, etc.) or server (e.g., a computer, device, or program that manages
network resources, etc.) 140. Both the transmitting device 12 (FIG. 1) and receiving
device 11 may include some or all of the features of the electronics device 120. In
some embodiments, the electronic device 120 may comprise a display 121, a mi-
crophone 122, an audio output 123, an input mechanism 124, communications
circuitry 125, control circuitry 126, a camera 128, processing and memory 129, model
selection and action processing 130 and/or 131 (for processing on the electronic device
120, on the cloud/server 140, on a combination of the electronic device 120 and the
cloud/server 140, communicating with the communications circuitry 125 to obtain/
provide information thereof with the cloud or server 140; and may include any of the
processing for, but not limited to, the examples as described below), and any other
suitable components. Applications 1-N 127 are provided and may be obtained from a
cloud or server 140, a communications network 110, (FIG.1) etc., where N is a positive

integer equal to or greater than 1.
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In some embodiments, all of the applications employed by the audio output 123, the
display 121, input mechanism 124, communications circuitry 125, and the microphone
122 may be interconnected and managed by control circuitry 126. In one example, a
handheld music player capable of transmitting music to other tuning devices may be
incorporated into the electronics device 120.

In some embodiments, the audio output 123 may include any suitable audio
component for providing audio to the user of electronics device 120. For example,
audio output 123 may include one or more speakers (e.g., mono or stereo speakers)
built into the electronics device 120. In some embodiments, the audio output 123 may
include an audio component that is remotely coupled to the electronics device 120. For
example, the audio output 123 may include a headset, headphones, or earbuds that may
be coupled to communications device with a wire (e.g., coupled to electronics device
120 with a jack) or wirelessly (e.g., BLUETOOTH® headphones or a BLUETOOTH®
headset).

In some embodiments, the display 121 may include any suitable screen or projection
system for providing a display visible to the user. For example, display 121 may
include a screen (e.g., an LCD screen, LED screen, OLED screen, etc.) that is in-
corporated in the electronics device 120. As another example, display 121 may include
a movable display or a projecting system for providing a display of content on a
surface remote from electronics device 120 (e.g., a video projector). Display 121 may
be operative to display content (e.g., information regarding communications operations
or information regarding available media selections) under the direction of control
circuitry 126.

In some embodiments, input mechanism 124 may be any suitable mechanism or user
interface for providing user inputs or instructions to electronics device 120. Input
mechanism 124 may take a variety of forms, such as a button, keypad, dial, a click
wheel, mouse, visual pointer, remote control, one or more sensors (e.g., a camera or
visual sensor, a light sensor, a proximity sensor, etc., or a touch screen. The input
mechanism 124 may include a multi-touch screen.

In some embodiments, communications circuitry 125 may be any suitable commu-
nications circuitry operative to connect to a communications network (e.g., commu-
nications network 110, FIG. 1) and to transmit communications operations and media
from the electronics device 120 to other devices within the communications network.
Communications circuitry 125 may be operative to interface with the communications
network using any suitable communications protocol such as, for example, Wi-Fi (e.g.,
an IEEE 802.11 protocol), Bluetooth®, high frequency systems (e.g., 900 MHz, 2.4
GHz, and 5.6 GHz communication systems), infrared, GSM, GSM plus EDGE,
CDMA, quadband, and other cellular protocols, VOIP, TCP-IP, or any other suitable
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protocol.

In some embodiments, communications circuitry 125 may be operative to create a
communications network using any suitable communications protocol. For example,
communications circuitry 125 may create a short-range communications network using
a short-range communications protocol to connect to other communications devices.
For example, communications circuitry 125 may be operative to create a local commu-
nications network using the BLUETOOTH® protocol to couple the electronics device
120 with a BLUETOOTH® headset.

In some embodiments, control circuitry 126 may be operative to control the op-
erations and performance of the electronics device 120. Control circuitry 126 may
include, for example, a processor, a bus (e.g., for sending instructions to the other
components of the electronics device 120), memory, storage, or any other suitable
component for controlling the operations of the electronics device 120. In some em-
bodiments, one or more processors (€.g., in processing and memory 129) may drive the
display and process inputs received from the user interface. The memory and storage
may include, for example, cache, Flash memory, ROM, and/or RAM/DRAM. In some
embodiments, memory may be specifically dedicated to storing firmware (e.g., for
device applications such as an operating system, user interface functions, and
processor functions). In some embodiments, memory may be operative to store in-
formation related to other devices with which the electronics device 120 performs
communications operations (e.g., saving contact information related to commu-
nications operations or storing information related to different media types and media
items selected by the user).

In some embodiments, the control circuitry 126 may be operative to perform the op-
erations of one or more applications implemented on the electronics device 120. Any
suitable number or type of applications may be implemented. Although the following
discussion will enumerate different applications, it will be understood that some or all
of the applications may be combined into one or more applications. For example, the
electronics device 120 may include applications 1-N 127 including, but not limited to:
an automatic speech recognition (ASR) application, OCR application, a dialog ap-
plication, a map application, a media application (e.g., QuickTime, MobileMusic.app,
or MobileVideo.app), social networking applications (e.g., FACEBOOK®,
INSTAGRAM®, TWITTER®, etc.), a calendaring application (e.g., a calendar for
managing events, appointments, etc.), an Internet browsing application, a rec-
ommender application, etc. In some embodiments, the electronics device 120 may
include one or multiple applications operative to perform communications operations.
For example, the electronics device 120 may include a messaging application, an e-

mail application, a voicemail application, an instant messaging application (e.g., for
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chatting), a videoconferencing application, a fax application, or any other suitable ap-
plication for performing any suitable communications operation.

In some embodiments, the electronics device 120 may include a microphone 122. For
example, electronics device 120 may include microphone 122 to allow the user to
transmit audio (e.g., voice audio) for speech control and navigation of applications 1-N
127, during a communications operation or as a means of establishing a commu-
nications operation or as an alternative to using a physical user interface. The mi-
crophone 122 may be incorporated in the electronics device 120, or may be remotely
coupled to the electronics device 120. For example, the microphone 122 may be in-
corporated in wired headphones, the microphone 122 may be incorporated in a
wireless headset, the microphone 122 may be incorporated in a remote control device,
etc.

In some embodiments, the camera module 128 comprises one or more camera
devices that include functionality for capturing still and video images, editing func-
tionality, communication interoperability for sending, sharing, etc. photos/videos, etc.

In some embodiments, the electronics device 120 may include any other component
suitable for performing a communications operation. For example, the electronics
device 120 may include a power supply, ports, or interfaces for coupling to a host
device, a secondary input mechanism (e.g., an ON/OFF switch), or any other suitable
component.

In some embodiments, predicting user tasks ahead of time has a variety of powerful
applications, including more contextually relevant targeted ads, convenient task
shortcuts on devices, and content or app pre-loading to reduce latency. Users perform a
variety of daily actions on ubiquitous devices such as electronic devices 120 (FIG. 2)
including, but not limited to smart phones, smart TVs, smart speakers, etc. For
example, people use smartphones for diverse actions such as playing games, browsing
for information, ordering food, getting directions, and communicating on social media.
Similarly, people use smart TVs to play games and view diverse content such as daily
news, thriller movies, live sports, weekly comedy shows, etc. Ubiquitous devices in-
creasingly collect detailed device usage logs such as apps used or content viewed along
with user context logs such as location and physical activities; these logs are typically
used to personalize the device and provide feedback to the user on their location
timeline, physical activities, or device usage patterns for their digital wellbeing.

An accurate prediction of a user's next action on the ubiquitous device is an excellent
input for more contextually relevant recommendations and targeted ads; for example,
recommend the latest hit action movie when the user is likely to watch an action
movie, or recommend a dining app when the user is likely to order food in the near

future. Predictive pre-loading of apps, games and content can be performed to reduce
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latency based on a prediction of the user's next action; for example, pre-load a
particular game to reduce multiple seconds of loading time if it is predicted that the
user is likely to play the particular game. Action prediction can also be used to display
convenient predictive action shortcuts to the end user based on a prediction of the
user's current action needs, thereby reducing the user effort involved in searching for
and finding the relevant action shortcut. A key requirement for the above applications
is that the personal contextual-aware recurrent model and prediction processing 300
achieves high prediction accuracy.

An accurate prediction of the next action of the user can also help resolve the
ambiguity of an utterance from the user for a voice assistant. For example, when the
user asks for directions to "Mike's," action prediction can help disambiguate if
"Mike's" refers to the user's friend or a burger restaurant chain. For example, based on
the user's past behavior and current context (e.g., 2 PM at work on a Saturday), the
personal contextual-aware recurrent model and prediction processing 300 predicts that
the user is likely searching for directions to his friend Mike's home, and resolves
"Mike" to refer to the user's friend. In a different context (e.g., 8 PM on a weekday),
the personal contextual-aware recurrent model and prediction processing 300 predicts
that the user is likely searching for directions to "Mike's" burger restaurant for dinner,

"

and resolves "Mike's" to refer to the burger restaurant.

FIG. 3 shows a high-level flow diagram for selection of a personal contextual-aware
recurrent model and prediction processing 300, according to some embodiments. In
some embodiments, the personal contextual-aware recurrent model and prediction
processing 300 includes a suite of three major categories of context-aware recurrent
models 320: contextual gated recurrent unit (GRU) models 510 (see also, FIG. 5A),
520 (see also, FIG. 5B) and 530 (see also, FIG. 5C) that incorporate context at each
recurrent step, a joint training model 600 (see also, FIG. 6) approach, and a contextual
attention-based recurrent predictor 700 (see also, FIG. 7) built on top of the joint
training model 600 approach. The three categories of models offer a different degree of
model complexity and number of parameters, which needs to match the behavior
complexity and training data available for each individual user. Therefore, unlike con-
ventional population-level recommendation systems which aim to design a single best
performing recommendation model over the population dataset, in some embodiments
the personal contextual-aware recurrent model and prediction processing 300 selects
the best personal context-aware recurrent model for each user and prediction target.
Overall, the contextual attention-based recurrent predictor 700 model is selected most
frequently for individual users across multiple prediction targets and datasets, and also
improves the interpretability of the prediction model. Unlike conventional population-

based recommender algorithms which aim to design a single best performing recurrent
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model, the personal contextual-aware recurrent model and prediction processing 300
trains a suite of three categories of context-aware recurrent models, and the model
selector 340 selects the best personal (context-aware recurrent) model 360 (using the
current context and past actions information 350) for each user and prediction target
(next action probabilities 370). In one or more embodiments, the training data input to
the personal contextual-aware recurrent model and prediction processing 300 includes
personal user data 305, contexts information 310 (e.g., location, activity, current time,
etc.) and actions (e.g., smartphone app use, TV channels watched, etc.) 311 over time
307.

In some embodiments, each of the context-aware recurrent models 320 provides a
distinctive method of combining short term sequential behavior, long term sequential
behavior, and the current context to predict the next action of the user. For example,
the contextual attention-based recurrent predictor 700 uses the current context to
decide how much importance to assign to the short term and long term user behavior.
The joint training model 600 combines the current context with a representation of the
user's short term and long term sequential behavior to predict the next action of the
user. As another example, each of the contextual recurrent models 510, 520, and 530
adds context information to each step of the recurrent network, which models the short
term and long term behavior of the user.

In some embodiments, for each user, each of the context-aware recurrent models 320
adapts importance among the first behavior sequence (e.g., for a first time window:
contexts information 310, actions 311), the second behavior sequence (e.g., for a
second time window: contexts information 310, actions 311) and the context at the
time point based on their interplay for each user. For example, for user A, the next
action of the user may be largely determined by the current context; thus, the context-
aware recurrent models 320 assign a high importance to the current context in
predicting the next action of the user. For example, for another user B, the next action
of the user may be determined based on short term behavior in context X, based on
long term behavior in context Y, and based only on the current context in context Z.
The context-aware recurrent models 320 assign the appropriate importance in each of
the contexts X, Y, and Z to accurately predict the next action of the user. Furthermore,
the context-aware recurrent models 320 are continuously updated to reflect changes in
a user's behavior. For example, for user A, based on initial behavior, in some em-
bodiments the personal contextual-aware recurrent model and prediction processing
300 may assign a high importance to current context. Over time, to reflect changes in
user A's behavior, in some embodiments the personal contextual-aware recurrent
model and prediction processing 300 may assign a higher importance to short term

behavior.
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In some embodiments for the personal contextual-aware recurrent model and
prediction processing 300, the three major categories of context-aware recurrent
models 320 are not exhaustive, and alternative embodiments may include additional
personal (prediction) models 380 such as model categories 4 and 5, which may be
trained and input to the model selector 340. For example, in model category 4, instead
of using the GRU recurrent update, an LSTM model may be used instead. As another
example embodiment, in model category 5, instead of recurrent connections in the
contextual attention-based recurrent predictor 700 model (see also, FIG. 7), a
contextual attention priority model over the last S user action embeddings may be
employed. In practice, prediction accuracy improves greatly when selecting between
the three major categories of context-aware recurrent models 320. As additional
prediction models are added, the added benefit in improving prediction accuracy is
negligible when considering the additional processing required to train other similar
prediction models. Therefore, one or more embodiments focus on the three major
categories of context-aware recurrent models 320.

In one or more embodiments, the personal contextual-aware recurrent model and
prediction processing 300 significantly improves the prediction accuracy of existing
baseline approaches for predicting user actions on ubiquitous devices. For TV
prediction tasks, the contextual attention-based recurrent predictor 700 model is most
often preferred, although the contextual GRU models 510, 520 and 530 work best for a
non-trivial proportion of users. For the smartphone prediction tasks, even though the
contextual attention-based recurrent predictor 700 model is generally most preferred,
for a number of users the model selector 340 selects the joint training model 600 and
contextual GRU models 510, 520 and 530. In some embodiments, several simple mod-
ifications to the basic contextual recurrent architecture are used to address the sparse
training data problem in personal action prediction. In one or more embodiments, a
joint training approach is used to overcome the limitations of contextual GRU models
510, 520 and 530 for some users in handling low volume personal training data and
high dimensional context features for action prediction. In some embodiments, the
contextual attention-based recurrent predictor 700 achieves the best accuracy across
multiple prediction targets based on next action probabilities 370 and datasets (e.g.,
current context and past actions 350), and also improves the interpretability of the
personal (context-aware recurrent) model 360.

In some embodiments, the three major categories of context-aware recurrent models
320 offer a different degree of model complexity and number of parameters, which
needs to match the behavior complexity and training data available for each individual
user. Therefore, unlike conventional population-level recommendation systems which

aim to design a single best performing recommendation model over the population
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dataset, the personal contextual-aware recurrent model and prediction processing 300
selects the best personal (context-aware recurrent) model 360 for each user and
prediction target based on next action probabilities 370. In one or more embodiments,
the three major categories of context-aware recurrent models 320 use multiple hyper-
parameters (e.g., dimension of GRU state |h/ (e.g., 50, 100, 150, or 200), dimension of
context embedding vector I¢fl (e.g., 15, 50, or 100), session length S (e.g., 15, 30, 50,
or 70), and latent vector length L from the contextual attention-based recurrent
predictor 700 model (e.g., 50, 100, or 150)). Multiple values are explored for each
hyper-parameter, and the hyper-parameters that achieve the highest prediction
accuracy are chosen for each model and user.

In some embodiments, upon implementing the contextual GRU models 510, 520 and
530 on a device (e.g., electronic device 120, FIG. 2), a continuous streaming sequence
of input (contexts information 310, actions 311) pairs are input to the selected
contextual GRU model, where the action 311 may refer to the smartphone app used or
TV channel viewed by the user. For example, in a smartphone app prediction ap-
plication, as the continuous stream of (contexts information 310, actions 311) pairs is
input to the selected contextual GRU model, the contextual GRU model automatically
decides how best to use the short-term app usage sequence (for example, last 3 apps)
and the long-term app usage behavior (for example, last 30 apps used) to predict the
next app of the user. Since the selected contextual GRU model automatically handles
how to combine short-term and long-term user behavior to predict the next action, the
personal contextual-aware recurrent model and prediction processing 300 does not
need to explicitly fix any short-term or long-term window length hyper-parameters. In
one or more embodiments, for the joint training model 600 (see also, FIG. 6) and the
contextual attention-based recurrent predictor model 700 (see also, FIG. 7), the
personal contextual-aware recurrent model and prediction processing 300 uses the
session length hyper-parameter S to determine the maximum length of the sequence of
(contexts information 310, actions 311) pairs that are input to the context-aware
recurrent model at each prediction step. In one example embodiment, setting the
session length hyper-parameter S to be 50 (i.e., last 50 actions) achieves high
prediction accuracy for most users and prediction targets. For example, for the
smartphone app prediction application, the context-aware recurrent models (joint
training model 600 and contextual attention-based recurrent predictor model 700) auto-
matically decide how to use short-term user behavior (e.g., last 3 apps, etc.) and long-
term user behavior (e.g., last 40 apps used, etc.) to predict the next app of the user.
Similar to the contextual GRU models 510, 520 and 530, for the context-aware
recurrent models (joint training model 600 and contextual attention-based recurrent

predictor model 700), there is no need to explicitly fix any short-term or long-term
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window hyper-parameter since the recurrent model automatically decides how to
combine short-term and long-term user behavior to predict the next action; for the joint
training model 600 and contextual attention-based recurrent predictor model 700, the
personal contextual-aware recurrent model and prediction processing 300 only em-
pirically fixes the maximum length of past actions S observed by the model at each
prediction step.

FIG. 4 shows basic GRUs 400 that underlie predictive models, according to some
embodiments. In one or more embodiments, the hidden state h, of the GRU 400 is
input to a softmax activation function 410 to compute a probability distribution p., for
the next item in the sequence. The input is a temporally ordered sequence of paired
action context inputs A = {(a,, c)}, t = 1...T, where a, represents one-hot encoded action
class of the user at time t, and ¢, denotes the one-hot encoded context feature vector of
the user at time t. An example of action a, is launching a food delivery app, and an
example of context vector ¢, is [at home, 9-10 PM, weekday, Monday, connected to
Wi-Fi network '‘Orange']. Given this input, a goal is to model the probability of action a
. of the user at any time t, given context c,and the history of past actions and contexts
350 of the user {(a«, c«)}. Thus, one goal is to model the conditional probability dis-
tribution P(ac,, a, c) using the three major categories of context-aware recurrent
models 320.

In one or more embodiments, the GRU 400 outputs a sequence of hidden states {h,},
t=1...T based on a sequence of input items {x,}, t = 1...T. GRU gates essentially learn
when and by how much to update the hidden state of the unit. In some embodiments,
the hidden state h, is typically input to a softmax activation function 410 to output a
probability distribution p,,; over the next item x,,;. For reference, equations 1 to 4
below denote how the GRU 400 computes the hidden state h, from input x, and the
previous hidden state h, ;. The reset gate 1, is given by:

[Math.1]
ry=o(Wx, + Uht—1)

The candidate activation

~

h,
is computed as follows:
[Math.2]

h,= tanh(Wpx, + Up(ry © he1))
The update gate is computed as:

[Math.3]

z,=o(Wx,+ Uhy)

Finally, the activation of the GRU 400 is computed as a linear interpolation between
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the previous activation h,; and the candidate activation

~

h,

[Math.4]
ho= (1 —z)hy + zh,

In some embodiments, the softmax activation function 410 performs two operations
as shown below in equations 5-6. First, the softmax activation function 410 transforms
the input hidden state to the desired output dimension using the weight matrix W, € R
X1 where H is the dimension of the hidden state, and I represents the number of
distinct input items. Second, the softmax activation function 410 applies the softmax
activation function to transform the output to a probability distribution p.,, over the

next predicted item in the sequence.

[Math.5]

o, = WJlh,+ b,

[Math.6]

- =[ exp(oy) - _exp(0s) ]
Skexp(0g)” " Tiexp(0g1)

FIG. 5A shows a contextual GRU predictor 510 with concatenation at an input,
according to some embodiments. A widely used technique to incorporate context at
each step of recurrent networks such as GRUs is to concatenate the context vector to
the input item vector before input to the GRU. In general, simply concatenating the
context vector to the input item vector significantly increases the size of the input
vector to the GRU; such an approach works well given large scale training data.
However, for personalized user action prediction, the training data coverage of various
user contexts and actions is sparse. To solve this problem, in some embodiments
several modifications are made to the conventional contextual recurrent model
resulting in the contextual GRU predictor 510. First, the input action at a, time t is
mapped to a lower-dimensional embedding vector
ag

; this performs better than using a sparse one-hot encoding of the input action a,.
Second, instead of directly concatenating the one-hot encoded sparse context vector ¢,
, Cu1 18 input to a Multi-Layer Perceptron (MLP) cell 510 to reduce the sparse context
vector into a low dimensional dense feature representation
Cirt

. The length of ¢, is typically greater than 100, while the length of

e
Ct+1
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that works best is only 15. In one or more embodiments, a simple MLP cell 510
without any hidden layers is implemented, and
Cir1
is computed as follows:
[Math.7]
Cipr =f (Weett1l + b.)
where ct+1 € RC is the sparse one hot encoded input context vector,
Cir1

€ R denotes the transformed dense context feature representation, W, € R"™XC is a
weight matrix, and b, € R" is the bias vector.

In some In some embodiments, setting f{.) to be the sigmoid activation function
performs best in terms of prediction accuracy. Thus, the input to the GRU 400 is the
concatenation [
ag
Cir1

] of the input action embedding and the dense context feature representation. To
further address the sparse training data problem for personalized action prediction, it is
observed that adding L2-regularization to the loss function for the GRU 400 sig-
nificantly improves prediction accuracy. In particular, in some embodiments the cat-
egorical cross-entropy loss function shown below is implemented with a regularization

term added for the GRU weight matrices.
[Math.8]

L= Zf:z Z§=1(at+1 [ = log (pe+, UD) + 26

In some embodiments, in equation 8§, a,, is the one hot encoded ground truth user
action vector at context ¢, P is the predicted user action vector output by the
contextual GRU predictor 510, K is the number of training examples, 1 is the number
of possible user actions, A is the regularization constant, and 6 denotes the sum of
L2-norm of GRU weight matrices W, Wy, and W, from equations 1-4. With the above
modifications, it is observed that the contextual GRU predictor 510 achieves sig-
nificantly higher prediction accuracy compared to a naive model that concatenates the
raw input action and context one hot encoding vectors. Further, it is observed that the
contextual GRU predictor 510 shows only one example of incorporating context at
each step of the GRU 400, by concatenating the context feature representation to the
input action embedding input to the GRU 400. Two additional contextual GRU models
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(contextual GRU predictor 520, FIG. 5B and contextual GRU predictor 530, FIG. 5C)
are implemented, depending on how the context is incorporated into the GRU 400,
according to some embodiments.

FIG. 5B shows a contextual GRU predictor 520 with concatenation at an output,
according to some embodiments. In one or more embodiments, a GRU model is
considered where only the action embeddings are input to the GRU 400, and the
context feature representation is concatenated to the hidden state h, output by the GRU
400; this concatenated vector [h;, ;

Cir1

] is then input to the softmax activation function 410 to output the action prediction
vector Puy.

FIG. 5C shows a contextual GRU predictor 530 with concatenation at an input and
output, according to some embodiments. In some embodiments, a third GRU model
(the contextual GRU predictor 530) is considered where the context feature repre-
sentation is concatenated both to the input portion and to the hidden state output by the
GRU 400, combining the GRU architectures of the contextual GRU predictor 510
(FIG. 5A) and the contextual GRU predictor 520 (FIG. 5B). In some embodiments, the
variant of the contextual GRU approaches that works best depends on the user and
prediction target under consideration. For some users and prediction targets, it is
observed that concatenating context to the GRU input works best (a contextual GRU
predictor 510); for other users, concatenating context to both the input and output
modules works best (a contextual GRU predictor 530). The intuition behind this ob-
servation is that each of these models offers a different level of model complexity and
number of model parameters, which needs to match the complexity and variation in
user behavior observed in each user's personal dataset.

FIG. 6 shows a joint training network architecture 600 to combine contextual
features with a final GRU hidden state, according to some embodiments. In one or
more embodiments, the final GRU hidden state h, represents the user's sequential
behavior based on the previous S actions, where S denotes the session length hyper-
parameter. Concatenating the context vector to the input action vector at each step of
the GRU network works well given large scale training data. However, for per-
sonalized action prediction, the training data coverage of diverse user actions and
contexts is sparse. To solve this problem, in some embodiments the action and context
data are transformed into low dimensional feature embeddings and added regu-
larization to the GRU 400 weight matrices. In one or more embodiments, to address
the sparse data problem the joint training network architecture 600 is leveraged.

Instead of concatenating context to the one hot encoded action vector at each step of
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GRU processing, GRU 400 is trained to operate only on a sequence of S input user
actions (where § is the session length hyper-parameter). After processing the sequence
of S input actions, the final hidden state h, of the GRU 400 is used as an encoding of
the user's sequential behavior. This final hidden state h, is then concatenated with the
context vector ¢, ;. The concatenated vector [h, ; c.;] is then input to the softmax ac-
tivation function 410 to output a probability distribution p.,; over the user action at
time t+1. It must be noted that the joint training network architecture 600 is different
from an ensemble approach that combines the output predictions of a GRU and a
contextual predictor.

Unlike the contextual GRU models 510 (FIG. 5A), 520 (FIG. 5B) and 530 (FIG. 5C),
the joint training network architecture 600 does not require any L2-regularization or a
transformation of the one hot encoded input action and context vectors to a dense
feature embedding to achieve high prediction accuracy. This is because the joint
training network architecture 600 inherently reduces the complexity of the contextual
GRU model which concatenates context at each step of the GRU 400. One drawback
of the joint training network architecture 600 approach is that it only uses context
vector c.,; and does not incorporate prior contexts ¢y, in making the prediction py;. In
spite of this drawback, the joint training network architecture 600 approach is the best
model for a non-trivial proportion of mobile users; one reason for this is that the
context vector for mobile users is more complex and high dimensional, including
diverse place and activity features. The joint training network architecture 600
approach effectively mitigates the overfitting problem caused by such high di-
mensional contextual input features and sparse training data. In some embodiments, for
problems such as TV content genre or channel prediction with low dimensional
temporal context features such as time of day and day of week, the GRU models which
incorporate context at each step perform better than the joint training network ar-
chitecture 600 approach.

FIG. 7 shows an architecture of a contextual attention-based recurrent predictor
model 700, according to some embodiments. In some embodiments, the contextual
attention-based recurrent predictor model 700 builds on top of the joint training
network architecture 600 (FIG. 6) approach to further improve prediction accuracy for
personalized action prediction. The final hidden state h, produced by the GRU 400 in
the joint training network architecture 600 approach provides a summarized repre-
sentation of the user's sequential behavior over the past S actions. In many practical
scenarios, the next action a, of the user is not necessarily influenced by the most
recent user state h, or set of states; rather, the next action may be determined based on
the user state several time steps earlier depending on the current context and the past

states. For example, consider the following sequence of actions: a user (e.g., "Alice")
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looks up a restaurant (e.g., "Vito's") on YELP®, performs other smartphone actions
such as messaging friends, browsing the restaurant website, checking email and then
starts up a map navigation app for directions to Vito's on her smartphone after she
begins driving. In this example, the map navigation action is most influenced by
Alice's action of browsing Vito's on YELP® several timesteps earlier, and the current
context of driving. An effective action prediction process should be able to take into
account such long-term action dependencies based on the user's current context. In
theory, recurrent models such as GRUs and LSTMs can handle such long-term
contextual action dependencies. However, in practice, for long temporal sequences,
attention models have been widely and effectively employed to improve the accuracy
of recurrent models. As seen in the contextual attention-based recurrent predictor
model 700, one key novelty is that the context vector is used as an additional input to
determine attention weights over past GRU states of the user. In the above example,
the contextual attention-based recurrent predictor model 700 additionally uses the
current context of driving to assign a higher attention weight to Alice's state at the time
when she looks up Vito's on YELP®.

In some embodiments, the contextual attention-based recurrent predictor model 700
achieves the highest prediction accuracy and is the most widely chosen prediction
model across users for multiple prediction targets. The contextual attention-based
recurrent predictor model 700 is chosen more frequently for users as K (the number of
desired top-K predicted actions) increases; contextual attention on user state from
multiple time steps in past improves the diversity and accuracy of the ranked list of
predicted actions output by the contextual attention-based recurrent predictor model
700. In addition to improving accuracy, the contextual attention-based recurrent
predictor model 700 makes the recurrent models more interpretable by providing a
deeper insight into which past states of the user most influences the current action
prediction.

In some embodiments, to predict the user action at time step t+1, the contextual
attention-based recurrent predictor model 700 inputs the past/previous S user actions (a
w1 to a) to a GRU 400, where S is the session length hyper-parameter. The GRU 400
produces a sequence of hidden states h, 5, to h, corresponding to the past S actions. In
one or more embodiments, as a first step, the contextual attention weight 3,; is
computed for each hidden state h;, where j denotes a time step from t-(S - 1) to t. To
compute [3;, first q.; is computed as follows based on the final hidden state h,, the
hidden state h; at time step j, and the current context c,;:

[Math.9]

qr;j =v o(Dihj + Dy hy + D3ciiq)
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In equation 9, the weight matrices D; € R&=XH | D, € RMXH | and D; € RYX€ are used to
transform the hidden state vectors h;, h,, and the context vector c,, into a common
latent space of dimension L, where H denotes the dimension of the GRU's hidden state,
and C denotes the dimension of the context vector input. The matrix v € R is used to
transform the latent vector of length L into the raw attention weight q;. The final
attention weights 3,; are computed by applying the softmax activation function 410
over the weights q,; as shown below:

[Math.10]

B, = exp (qy ;)
Ly Z)i:t—(S—g exp (q¢k)

In some embodiments, using the weights in 3, the contextual attention-based
recurrent predictor model 700 computes the attention-weighted hidden representation

of the user's sequential behavior

A
hi

using equation 11. The attention-weighted representation improves action prediction
by focusing on recent or past hidden states that are most relevant to the next action

prediction for the user.
[Math.11]

h? = §=t—(5—1) ﬁt,j hj

In some embodiments, the concatenated vector [c; Ci.y;
hi

;h, ] is computed by concatenating the final hidden state h,, the attention-weighted
hidden state
hi

, and the context vectors ¢, and c,,;; this concatenated vector is finally input to the
softmax activation function 410 to output a probability distribution p,,; over the next
action of the user. It is noted that in addition to concatenating c,,;, concatenating c,
improves prediction accuracy significantly for some users by adding additional
previous context state information that is ignored by the joint training model 600 (FIG.
6) approach. Due to the high dimensionality of the concatenated vector [c;; Ci.i;
hi

;h,], in one or more embodiments simpler variants of the contextual attention-based
recurrent predictor model 700 using concatenated vectors of [Cy;
hi

;hy] and [c; ¢ h] to mitigate overfitting. For each user, the model variant with the

best prediction accuracy is chosen based on the overall approach of selecting the best
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model for each target domain (e.g., TV content domain, machine settings domain,
voice assistant language domain, electronic device 120 app domain, etc.) and user.

FIG. 8 shows an example 800 of leveraged short term behavior and current context
assigned attention weights 820 for recent and past user behavior (last 20 apps launched
by a user 8§10 over time 307) as captured by GRU states by the contextual attention-
based recurrent predictor model 700 (FIG. 7), according to some embodiments. Since
the contextual attention models provide attention weights over past states of the user,
these attention weights (e.g., attention weights 820 in the example 800) are useful in
interpreting the reason behind a determined prediction. Example 800 shows example
attention weights 820 for the POKEMON GO® app prediction for a sample user. It can
be observed that a high attention weight on the messenger action a few timesteps
earlier. This particular user typically coordinates and messages friends before playing
POKEMON GO®.

In one or more embodiments, the context-aware recurrent models 320 (FIG. 3) may
be employed, for example, suggesting or performing actions such as washer quick
settings to/for users, instead of requiring the user to manually change numerous
settings in the washer appliance (e.g., manually selecting multiple (e.g., up to six (6))
individual settings, such as washer temperature, spin cycles, rinse cycles, and course
setting). Therefore, some embodiments predict preferred washer settings based on
contextual and short term/long term behavior of each user. Further, the best model and
learning window are selected for each user.

In some embodiments, the best model is chosen per user and prediction domain. In
alternative embodiments, a different ensemble approach may be employed to combine
the predictions from the various personal action prediction models for each user shown
in FIG. 3, such as: (i) majority voting or, (ii) a stacked prediction approach that uses an
additional neural network layer to predict the next action based on the prediction
output from each personal action prediction model.

FIG. 9 shows a block diagram of a process 900 for predicting next actions on
ubiquitous devices based on context-aware recurrent modeling, according to some em-
bodiments. In some embodiments, block 910 of process 900 provides that for each
model from multiple models (e.g., contextual GRU models 510 (FIG. 5A), 520 (FIG.
5B), 530 (FIG. 5C), joint training model 600 (FIG. 6), contextual attention-based
recurrent predictor 700 model (FIG. 7), etc.) evaluating a model prediction accuracy
based on a dataset of a user over a first time duration. The dataset includes a sequence
of actions (e.g., actions 311, FIG. 3) with corresponding contexts (e.g., contexts in-
formation 310, FIG. 3) based on electronic device (e.g., electronic device(s) 120, FIG.
2, system 1000, FIG. 10, etc.) interactions. Each model is trained to predict a next

action at a time point within the first time duration, based on a first behavior sequence



WO 2020/013577 PCT/KR2019/008431

[83]

[84]

[85]

[86]

[87]

21

over a first time period from the dataset before the time point, a second behavior
sequence over a second time period from the dataset before the time point, and context
at the time point. In block 920, process 900 selects a model from the multiple models
based on its model prediction accuracy for the user based on a domain. In block 930,
process 900 recommends an action to be initiated at a later time using an electronic
device of the user using the selected model during a second time duration.

In some embodiments, process 900 may further include that evaluating a model
prediction accuracy further includes observing an actual action taking place at the time
point, and calculating the model prediction accuracy of the model based on difference
between the predicted next action and the actual action. In one or more embodiments,
the domain is determined based on a current context of the user. In some embodiments,
each model of the multiple models provides a distinctive process of combining the first
behavior sequence, the second behavior sequence and the context at the time point.

In one or more embodiments, in process 900 each model of the multiple models
adapts importance among the first behavior sequence, the second behavior sequence
and the context at the time point based on their interplay for each user. In some em-
bodiments, process 900 may include resolving ambiguity of an utterance from the user
for a voice assistant of an electronic device based on the next action.

In some embodiments, in process 900 the action includes performing selection of
multiple electronic device settings (e.g., setting six (6) washing machine settings,
opening a food delivery app, placing and paying for a food, etc.). In one or more em-
bodiments, the next action differs from any behavior from a time period having a
contextual data matching the current contextual data.

FIG. 10 is an exemplary high-level block diagram showing an information
processing system comprising a computing system implementing one or more em-
bodiments. The system 1000 includes one or more processors 1011 (e.g., ASIC, CPU,
etc.), and may further include an electronic display device 1012 (for displaying
graphics, text, and other data), a main memory 1013 (e.g., random access memory
(RAM), cache devices, etc.), storage device 1014 (e.g., hard disk drive), removable
storage device 1015 (e.g., removable storage drive, removable memory, a magnetic
tape drive, optical disk drive, computer-readable medium having stored therein
computer software and/or data), user interface device 1016 (e.g., keyboard, touch
screen, keypad, pointing device), and a communication interface 1017 (e.g., modem,
wireless transceiver (such as Wi-Fi, Cellular), a network interface (such as an Ethernet
card), a communications port, or a PCMCIA slot and card).

The communication interface 1017 allows software and data to be transferred
between the computer system and external devices through the Internet 1050, mobile
electronic device 1051, a server 1052, a network 1053, etc. The system 1000 further
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includes a communications infrastructure 1018 (e.g., a communications bus, cross bar,
or network) to which the aforementioned devices 1011 through 1017 are connected.

The information transferred via communications interface 1017 may be in the form
of signals such as electronic, electromagnetic, optical, or other signals capable of being
received by communications interface 1017, via a communication link that carries
signals and may be implemented using wire or cable, fiber optics, a phone line, a
cellular phone link, a radio frequency (RF) link, and/or other communication channels.

In one implementation of one or more embodiments in an electronic device (e.g.,
electronic device 120, FIG. 2), the system 1000 further includes an image capture
device 1020, such as a camera 128 (FIG. 2), and an audio capture device 1019, such as
a microphone 122 (FIG. 2). The system 1000 may further include application
processing or processors as MMS 1021, SMS 1022, email 1023, social network
interface (SNI) 1024, audio/video (AV) player 1025, web browser 1026, image capture
1027, etc.

In some embodiments, the system 1000 includes model selection and action
processing 1030 that may implement processing similar as described regarding
selection of a personal contextual-aware recurrent model and prediction processing 300
(FIG. 3), GRU 400 processing (FIG. 4), contextual GRU model processing 510 (FIG.
SA), 520 (FIG. 5B), 530 (FIG. 5C), joint training model 600 processing (FIG. 6),
contextual attention-based recurrent predictor 700 model processing (FIG. 7) and
process 900 (FIG. 9), as described above. In one embodiment, the model selection and
action processing 1030 along with an operating system 1029 may be implemented as
executable code residing in a memory of the system 1000. In another embodiment, the
model selection and action processing 1030 may be provided in hardware, firmware,
etc.

In one embodiment, the main memory 1013, storage device 1014 and removable
storage device 1015, each by themselves or in any combination, may store instructions
for the embodiments described above that may be executed by the one or more
processors 1011.

As is known to those skilled in the art, the aforementioned example architectures
described above, according to said architectures, can be implemented in many ways,
such as program instructions for execution by a processor, as software modules,
microcode, as computer program product on computer readable media, as analog/logic
circuits, as application specific integrated circuits, as firmware, as consumer electronic
devices, AV devices, wireless/wired transmitters, wireless/wired receivers, networks,
multi-media devices, etc. Further, embodiments of said Architecture can take the form
of an entirely hardware embodiment, an entirely software embodiment or an em-

bodiment containing both hardware and software elements.
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One or more embodiments have been described with reference to flowchart illus-
trations and/or block diagrams of methods, apparatus (systems) and computer program
products according to one or more embodiments. Each block of such illustrations/
diagrams, or combinations thereof, can be implemented by computer program in-
structions. The computer program instructions when provided to a processor produce a
machine, such that the instructions, which execute via the processor create means for
implementing the functions/operations specified in the flowchart and/or block diagram.
Each block in the flowchart/block diagrams may represent a hardware and/or software
module or logic, implementing one or more embodiments. In alternative imple-
mentations, the functions noted in the blocks may occur out of the order noted in the

figures, concurrently, etc.

"o "o

The terms "computer program medium," "computer usable medium," "computer
readable medium", and "computer program product,” are used to generally refer to
media such as main memory, secondary memory, removable storage drive, a hard disk
installed in hard disk drive. These computer program products are means for providing
software to the computer system. The computer readable medium allows the computer
system to read data, instructions, messages or message packets, and other computer
readable information from the computer readable medium. The computer readable
medium, for example, may include non-volatile memory, such as a floppy disk, ROM,
flash memory, disk drive memory, a CD-ROM, and other permanent storage. It is
useful, for example, for transporting information, such as data and computer in-
structions, between computer systems. Computer program instructions may be stored
in a computer readable medium that can direct a computer, other programmable data
processing apparatus, or other devices to function in a particular manner, such that the
instructions stored in the computer readable medium produce an article of manufacture
including instructions which implement the function/act specified in the flowchart and/
or block diagram block or blocks.

Computer program instructions representing the block diagram and/or flowcharts
herein may be loaded onto a computer, programmable data processing apparatus, or
processing devices to cause a series of operations performed thereon to produce a
computer implemented process. Computer programs (i.e., computer control logic) are
stored in main memory and/or secondary memory. Computer programs may also be
received via a communications interface. Such computer programs, when executed,
enable the computer system to perform the features of the embodiments as discussed
herein. In particular, the computer programs, when executed, enable the processor and/
or multi-core processor to perform the features of the computer system. Such computer
programs represent controllers of the computer system. A computer program product

comprises a tangible storage medium readable by a computer system and storing in-
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structions for execution by the computer system for performing a method of one or
more embodiments.

Though the embodiments have been described with reference to certain versions
thereof; however, other versions are possible. Therefore, the spirit and scope of the
appended claims should not be limited to the description of the preferred versions

contained herein.
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Claims
A method, comprising:
for a plurality of models, evaluating a model prediction accuracy based
on a dataset of a user over a first time duration, wherein:
the dataset comprises a sequence of actions with corresponding
contexts based on electronic device interactions, and
each model of the plurality of models is trained to predict a next action
at a time point within the first time duration, based on a first behavior
sequence over a first time period from the dataset before the time point,
a second behavior sequence over a second time period from the dataset
before the time point, and context at the time point;
identifying at least one model from the plurality of models based on the
evaluated model prediction accuracy for the plurality of models and a
target domain; and
recommending an action to be initiated at a later time using an
electronic device of the user based on the identified at least one model
during a second time duration.
The method of claim 1, wherein evaluating the model prediction
accuracy further comprising:
observing an actual action taking place at the time point; and
calculating the model prediction accuracy for the each mode of the
plurality of models based on difference between the predicted next
action and the actual action.
The method of claim 1, wherein the target domain is determined based
on a current context of the user.
The method of claim 1, wherein the each model of the plurality of
models provides a distinctive process of combining the first behavior
sequence, the second behavior sequence and the context at the time
point.
The method of claim 4, wherein the each model of the plurality of
models adapts importance among the first behavior sequence, the
second behavior sequence and the context at the time point based on
their interplay for each user.
The method of claim 1, wherein the action comprises performing
selection of a plurality of electronic device settings.
The method of claim 1, wherein the next action differs from any

behavior from a time period having a contextual data matching the
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current contextual data.

An electronic device comprising:

a memory storing instructions; and

at least one processor executing the instructions including a process
configured to:

for a plurality of models, evaluate a model prediction accuracy based
on a dataset of a user over a first time duration, wherein:

the dataset comprises a sequence of actions with corresponding
contexts based on electronic device interactions, and

each model of the plurality of models is trained to predict a next action
at a time point within the first time duration, based on a first behavior
sequence over a first time period from the dataset before the time point,
a second behavior sequence over a second time period from the dataset
before the time point, and context at the time point;

identify at least one model from the plurality of models based on the
evaluated model prediction accuracy for the plurality of models and a
target domain; and

recommend an action to be initiated at a later time using the electronic
device based on the identified at least one model during a second time
duration.

The electronic device of claim 8, wherein the process is further
configured to:

observe an actual action taking place at the time point; and

calculate the model prediction accuracy of the each model of the
plurality of models based on difference between the predicted next
action and the actual action.

The electronic device of claim 8, wherein the target domain is de-
termined based on a current context of the user.

The electronic device of claim 8, wherein the each model of the
plurality of models provides a distinctive correlation of the first
behavior sequence, the second behavior sequence and the context at the
time point.

The electronic device of claim 8, wherein the each model of the
plurality of models adapts importance among the first behavior
sequence, the second behavior sequence and the context at the time
point based on their interplay.

The electronic device of claim 8, wherein the action comprises

performing selection of a plurality of electronic device settings.
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The electronic device of claim 8, wherein the next action differs from
any behavior from a time period having a contextual data matching the
current contextual data.

A non-transitory processor-readable medium that includes a program
that when executed by a processor performing a method comprising:
for a plurality of models, evaluating a model prediction accuracy based
on a dataset of a user over a first time duration, wherein:

the dataset comprises a sequence of actions with corresponding
contexts based on electronic device interactions, and

each model of the plurality of models is trained to predict a next action
at a time point within the first time duration, based on a first behavior
sequence over a first time period from the dataset before the time point,
a second behavior sequence over a second time period from the dataset
before the time point, and context at the time point;

identifying at least one model from the plurality of models based on the
evaluated model prediction accuracy for the plurality of models and a
target domain; and

recommending an action to be initiated at a later time using an
electronic device of the user based on the identified at least one model

during a second time duration.
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