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embedding from the server to the electronic device. A processor at the electronic
device predicts at least one candidate next item in the sequence by processing the
corresponding item embedding with the copy of the neural network and the plural-
ity of item embeddings.
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DEVICE/SERVER DEPLOYMENT OF NEURAL NETWORK DATA ENTRY
SYSTEM

BACKGROUND

[0001] Data entry such as entering text characters, emoji and other data into
electronic devices which have a small form factor is time consuming, cumbersome and
error prone for end users. One approach to facilitating data entry is to provide predictive
keyboards such as soft keyboards which are displayed on a touchscreen of the electronic
device and used by the end user to type in characters, emoji, symbols and other data.
Predictive keyboards typically present one or more candidate predicted words or phrases
as options for the user to select and so enter into the electronic device.

[0002] The technology used to give the functionality of such predictive
keyboards includes neural network technology in some cases. For example, where neural
networks are used to predict candidate words that a user is likely to want to input.
However, neural networks take up significant resources (such as memory and processing
resources) and this makes it difficult to achieve good accuracy of performance where the
neural network is located on a resource constrained device such as a smart phone, tablet
computer, wearable computer or other resource constrained device.

[0003] A neural network is a collection of nodes interconnected by edges and
where there are weights associated with the nodes and/or edges. Various functions or
nonlinearities are applied at individual ones of the nodes. During a training phase the
weights are updated according to update rules in the light of training examples. Once the
neural network has been trained, it may be used to compute predictions from examples
which have not previously been seen by the neural network during training, through
generalization.

[0004] The embodiments described below are not limited to implementations
which solve any or all of the disadvantages of known data entry systems using neural
network technology.

SUMMARY

[0005] The following presents a simplified summary of the disclosure in order to
provide a basic understanding to the reader. This summary is not intended to identify key
features or essential features of the claimed subject matter nor is it intended to be used to

limit the scope of the claimed subject matter. Its sole purpose is to present a selection of
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concepts disclosed herein in a simplified form as a prelude to the more detailed description
that 1s presented later.

[0006] An electronic device is described which has at least one input interface to
receive at least one item of a sequence of items. The electronic device is able to
communicate with a server over a communications network, the server storing a neural
network and a process which generates item embeddings of the neural network. The
electronic device has a memory storing a copy of at least part of the neural network and a
plurality of item embeddings of the neural network. In the case when there is
unavailability at the electronic device of a corresponding item embedding corresponding
to the received at least one item, the electronic device triggers transfer of the
corresponding item embedding from the server to the electronic device. A processor at the
electronic device predicts at least one candidate next item in the sequence by processing
the corresponding item embedding, and item embeddings for one or more other preceding
items if available, with the copy of the neural network and using item embeddings for a
plurality of candidate next items retrieved from the memory. The processor is configured
to make available the candidate next item for input to the electronic device.

[0007] Many of the attendant features will be more readily appreciated as the
same becomes better understood by reference to the following detailed description
considered in connection with the accompanying drawings.

DESCRIPTION OF THE DRAWINGS

[0008] The present description will be better understood from the following
detailed description read in light of the accompanying drawings, wherein:

[0009] FIG. 1is a schematic diagram of a plurality of electronic devices which
have a neural network as part of a predictive data entry system, and where the electronic
devices are able to communicate with a server that also has the neural network;

[0010] FIG. 2is a schematic diagram of an electronic device with a predictive
keyboard using neural network technology;

[0011] FIG. 3is a schematic diagram of a neural network such as for use in the
electronic devices of FIGs. 1 and 2;

[0012] FIG. 4is a flow diagram of a method of operation at an electronic device
such as the electronic devices of FIGs 1 to 2;

[0013] FIG. 5is a flow diagram of a method of operation at a server such as the

server of FIG. 1;



10

15

20

25

30

WO 2018/080813 PCT/US2017/056702

[0014] FIG. 6is a flow diagram of another method of operation at a server such
as the server of FIG. 1;

[0015] FIG. 7 is a schematic diagram of a computing device such as the
electronic device of any of FIGs. 1 and 2;

[0016] FIG. 8 is a schematic diagram of a server such as the server of FIG. 1;

[0017] Like reference numerals are used to designate like parts in the
accompanying drawings.

DETAILED DESCRIPTION

[0018] The detailed description provided below in connection with the appended
drawings is intended as a description of the present examples and is not intended to
represent the only forms in which the present example are constructed or utilized. The
description sets forth the functions of the example and the sequence of operations for
constructing and operating the example. However, the same or equivalent functions and
sequences may be accomplished by different examples.

[0019] Inputting data such as text, images, or other data to electronic devices is
difficult especially where those electronic devices have a small form factor. Neural
network technology may be used to predict items in sequences of items of data and offer
those as candidates for input and this reduces burden on the end user. However, neural
networks take up significant memory and processing resources which presents a difficulty
where electronic devices with limited resources are involved. Various examples described
herein demonstrate how quality of performance of neural network predictive technology
can be successfully traded against resource requirements by using client-server
deployments. In various examples this is achieved whilst ameliorating the effects
introduced by network latency.

[0020] Although the present examples are described and illustrated herein as
being implemented in a predictive keyboard system, the system described is provided as
an example and not a limitation. As those skilled in the art will appreciate, the present
examples are suitable for application in a variety of different types of data entry systems
including voice data entry, text data entry, image data entry and others.

[0021] FIG. 1 is a schematic diagram of a plurality of electronic devices 102,
104, 106 in communication with a server 108 over a communications network 100 such as
the internet or any other communications network. The server stores a neural network 110
for predicting items in a sequence of items such as words, phrases, morphemes, characters

or other units of language. The items can be images in some examples, such as emoji,
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emoticons, stickers or other images which are used as part of text. The neural network
110 has been trained in advance, for example, during a manufacturing stage or in an
offline stage. The training takes place at the server 108 or any other entity and uses
training data as explained in more detail later in this document.

[0022] After training, at least part of the neural network 110 is installed at the
individual electronic devices 102, 104, 106. An individual electronic device 102, 104, 106
is then able to use its local copy of at least part of the neural network to make predictions
itself rather than requesting those predictions from the neural network at the server. The
neural network 110 comprises layers of nodes interconnected by edges and with weights
associated with the nodes and/or edges. The neural network 110 has an item embedding
generator 114 and/or an item embedding store 112 and these are shown in FIG. 1 as
separate boxes in order to aid understanding of the present technology, even though these
may be considered as part of the neural network 110 itself. Thus the neural network can
be considered as comprising a core together with an item embedding generator 114 and/or
item embedding store. The core of the neural network 110 is able to predict next items in
a sequence of items given an item embedding of at least one item in the sequence and also
given a plurality of item embeddings of candidate next items. The local copy of at least
part of the neural network 110 comprises a copy of the core of the neural network 110.

[0023] For example, a copy of the neural network 116 is stored at smart phone
102 during manufacturing or by download from the server 108 as part of download of a
predictive keyboard application from the server. It is also possible for the copy of the
neural network 116 to be downloaded separately after download of a predictive keyboard
application from the server. A copy of the neural network is stored at a head worn
augmented reality computing device 106 in some examples and is used to predict
candidate words in a sequence of speech input of the user. A copy of the neural network is
stored at a smart watch in some examples and is used to predict candidate words in a
sequence of text input at the smart watch. The examples of the smart phone 102, smart
watch 104 and head worn computing device 106 are not intended to limit the scope of the
technology but are provided to illustrate how the technology is used.

[0024] In the examples described herein the neural network 110 at the server,
and the copies of the neural network 116 at the electronic devices 102, 104, 106 use item
embeddings. Note that the copies of at least part of the neural network 116 at the
electronic devices may differ from one another in some examples. For example, if one of

the electronic devices has more processing power and memory than others of the
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electronic devices, it may hold a larger part of the neural network 110 copied from the
server than the other electronic devices.

[0025] An item embedding is a plurality of learnt weights representing an item of
the sequence of items in a form that can be processed by units of a neural network. An
item embedding may be a real valued vector in some cases. In some examples, an item
embedding also comprises a scalar bias value which is stored as part of the real valued
vector or which is stored separately. The learnt weights of the item embedding are
numerical values. The item embeddings are used in at least two different stages of the
data entry process and these may be referred to as a neural network input stage and a
neural network output stage. At the neural network input stage, where a user inputs an
item such as a word, phrase, morpheme, emoji, character or other item into the electronic
device the neural network copy at the device is used to predict candidate next items in a
sequence of the items. In order to input the item into the neural network it is mapped to an

item embedding which is then input to the neural network. Where the user inputs a

"non
2

sequence of items such as the words "I", "am", "a", "beautiful" then each of these
individual words is mapped to a corresponding item embedding and input to the neural
network in order to predict candidate next words such as "person".

[0026] At the neural network output stage, an output layer of the neural network
produces numerical values which are activation levels of units in the output layer of the
network. These numerical values form a predicted item embedding. In order to convert
the predicted item embedding into scores for individual candidate items (such as candidate
words, phrases, morphemes, emoji or other items) a measure of similarity is computed
between the predicted item embedding and individual ones of a plurality of item
embeddings available at the electronic device. In some examples a dot product is
computed as the measure of similarity but this is not essential as other measures of
similarity may be used. The similarity measures give a plurality of scores, one for each of
the item embeddings, which when normalized express the likelihood that the next item in
the sequence is each of the items corresponding to the item embeddings. Where an item
embedding has an associated bias value as mentioned above, the bias value is aggregated
with the score, for example by addition, multiplication or other forms of aggregation. In
this way the score becomes biased in a manner taking into account the bias value. The bias
values are manually configured, set to the log probability of the item under a unigram
model (which may be computed from a training set of items), or learnt through

backpropagation in a similar way to the item embeddings.
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[0027] In order that a copy of the neural network 116 at the electronic device
102, 104, 106 is able to operate to generate predictions, it uses item embeddings for the
neural network input and output stages mentioned above. The electronic device 102 has a
stored subset of item embeddings 118 to facilitate the local operation of the neural
network copy 116. However the item embeddings take up memory at the electronic
device and this memory is limited.

[0028] In various embodiments the electronic device has a subset of the item
embeddings of the neural network 110 which are available at the server 108 where a
subset means some but not all of the item embeddings of the neural network 110 which are
available at the server. By having a subset of the item embeddings 118 at the electronic
device memory is saved as compared with having a larger set of item embeddings at the
electronic device. . Also, processing resources are saved since there are fewer item
embeddings to generate scores for at the neural network output stage. The processing
resources used at the output stage increases linearly as the number of item embeddings
increases and so there is significant impact on processing resources at the output stage.

[0029] Quality or accuracy of the predictions made at the electronic devices
using the local copy of the neural network is another factor to consider. Suppose a user
enters an item at the electronic device 102, 104, 106 and there is no item embedding
available for that item at the electronic device. It is possible to use a default or dummy
item embedding for the item (referred to as an out of vocabulary item) and proceed using

that default or dummy item embedding to generate a prediction. This is useful where the

"non
2

item is part of context, such as where the user enters "I", "am", "a", "beautiful" and there
are item embeddings available locally for "I", "am" and "a" but not for "beautiful". By
using a default/dummy item embedding for "beautiful" the neural network gains
information about the context having four items rather than three (if "beautiful" were
simply ignored). However, the quality of the prediction is reduced as compared with the
case when the item embedding for "beautiful" is available.

[0030] One problem is difficulty in selecting an appropriate subset of item
embeddings 118 for storing at an electronic device 102 in a fast and cost effective manner.
In some examples, full personalization is carried out at the server whereby item use data is
obtained for individual users (appropriate consent having been given) and used to create
bespoke subsets of item embeddings on a per-user basis or on the basis of membership of

specified groups. However, this is time consuming and expensive to achieve. Another

option is to use a default subset of item embeddings for any individual user of a given
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category. For example, a default subset of item embeddings may be the ten thousand most
frequent words in the English language although this is one example and others are
possible. In the case that a default subset of item embeddings is stored at the individual
electronic devices 102, 104, 106, there is a problem when a user enters an item which is
not in the default subset, or when the next item in the sequence being entered by the user is
not in the default subset. In this case the quality of prediction falls because context cannot
be taken into account fully (in cases where more than one item is entered by the user) and
because the neural network is unable to predict the correct candidate next item as that
candidate next item does not exist in its available item embeddings.

[0031] To facilitate improved quality in cases where a subset of item embeddings
is used at the electronic device, various examples described herein enable the electronic
device to trigger transfer of item embeddings from the server to the electronic device.

This transfer takes time due to network latency and to accommodate this various measures
may be taken. For example, batching is used in some cases to batch item embedding
requests sent from an electronic device to the server, and/or to batch item embeddings sent
from the server to an electronic device. For example, predictive processes are used at the
server and/or electronic device to anticipate item embeddings which are likely to be used
in future to facilitate transfer of those item embeddings in advance of their use.

[0032] In some examples the server 108 has an item embedding generator 114
which is a trained predictive model that receives an item and predicts an item embedding.
The item embedding generator is not essential because in some cases the server has a store
of item embeddings created during training of the neural network 110. In various
examples, the individual electronic devices 102, 104, 106 do not have item embedding
generators 114 in order to save memory and processing resources at the electronic devices.

[0033] The server has an item use predictor 116 in some examples although this
is not essential. The item use predictor 116 obtains data about use of items and is able to
predict items likely to be needed at individual ones of the electronic devices. For example,
the item use predictor may be a trained multi label classifier, for example, implemented by
a neural network (or another algorithm that is known in the art) and trained on item usage
data extracted from a training set of item logs.

[0034] In some examples the electronic device 102, 104, 106 has a manager
component 120 configured to control triggering of transfer of item embeddings from the

SCIver.
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[0035] FIG. 1 shows some but not all of the components of the server and the
electronic device 102 for clarity; FIGs. 7 and 8 give more detail about the server and the
electronic device and are explained later in this document.

[0036] Alternatively, or in addition, the functionality of the server and/or the
electronic device described herein is performed, at least in part, by one or more hardware
logic components. For example, and without limitation, illustrative types of hardware
logic components that are optionally used include Field-programmable Gate Arrays
(FPGAs), Application-specific Integrated Circuits (ASICs), Application-specific Standard
Products (ASSPs), System-on-a-chip systems (SOCs), Complex Programmable Logic
Devices (CPLDs), Graphics Processing Units (GPUs).

[0037] FIG. 2 is a schematic diagram of electronic device 102 in the case this
device is a smart phone having a predictive keyboard that uses neural network technology.
The smart phone has a display screen 202 such as a touch screen which displays a
keyboard 200 for entering text to the electronic device 102. The keyboard 200 includes
three candidate prediction regions 204, 206, 208 which display candidate predictions
computed by the neural network technology. In this example, the user has received a short
message service (SMS) message from Robyn which says "Just curious, what is your
ETA?". The user is in the process of entering a reply SMS message in entry field 210 and
so far has input the words "Running late, be" and the predictive keyboard has computed
three candidate predicted next words which are "home", "back" and "there" and these are
displayed on the keyboard 200. The user is able to select one of the candidate predicted
next words rather than entering the separate characters to form that word. This saves
burden for the end user with regard to data entry. However, the quality of the predictions
is important because if the candidate word is not the actual word the user intends to enter
then the user has to enter the individual characters of the intended word. The quality of
the predictions depends on various factors such as the amount and variety of training data
used during training, the type of training used, the architecture of the neural network, the
ability of the neural network to generalize to examples it has not seen during training, and
other factors such as the available item embeddings (in the case that item embeddings are
used as described below with reference to FIG 3). The candidate predictions are updated
in some examples, as the user enters individual characters of the intended word.

[0038] FIG. 3 is a schematic diagram of a neural network 300 such as the neural

network 110, 116 of FIG. 1.
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[0039] A neural network is a collection of nodes (also referred to as units)
interconnected by edges and where there are weights associated with the nodes and/or
edges. A non-linear function is commonly applied in each node to produce its activation
and a non-exhaustive list of non-linear functions which may be used is: sigmoid, tanh,
rectifier. During a training phase the weights are updated according to update rules in the
light of training examples. The units comprise input units, hidden units and output units.
Input units are units at which input is made to the neural network, hidden units are
connected between input units and output units (or other hidden units in the case of deep
networks), and output units are units at which output from the neural network is observed.
A neural network may have a layered construction with a layer of input nodes, one or
more layers of hidden units and at least one output layer. During use of the neural
network at test time (i.e. after training) as a signal passes through a layer it produces an
output via the activations which becomes the input to the next layer of the neural network
and so on, until the signal reaches the output layer and the output units are activated. The
pattern of activations at the output layer gives the prediction of the neural network. The
pattern of activations has been influenced by the weights learnt during the training phase.

[0040] The neural network 300 is trained using back propagation or any other
neural network training algorithm. A back propagation algorithm comprises inputting a
labeled training data instance to the neural network, propagating the training instance
through the neural network (referred to as forward propagation) and observing the output.
The training data instance is labeled and so the ground truth output of the neural network
is known and the difference or error between the observed output and the ground truth
output is found and provides information about a loss function. A search is made to try
find a minimum of the loss function which is a set of weights of the neural network that
enable the output of the neural network to match the ground truth data. Searching the loss
function is achieved using gradient descent or stochastic gradient descent or in other ways.

[0041] In the example of FIG. 3 the neural network 300 comprises an input layer
322, a single hidden layer 312 and a single output layer 316. However, this is one
example only and many other types of architecture may be used with more hidden layers
for example, and with recurrent structures where connections between units form a
directed cycle.

[0042] In the example of FIG. 3 a user has entered the words "I", "am", "a" and
"beautiful" and each word is represented by the position of a 1 in a vector otherwise filled

with zeros. These vectors are illustrated at 304 in FIG. 3. Each individual word indicator

9



10

15

20

25

30

WO 2018/080813 PCT/US2017/056702

vector 304 is mapped to an item embedding vector 306 by using a mapping 308. For
example the item embeddings are looked up from a table or matrix of pre-computed item
embeddings or are predicted using a predictive model as explained above. The item
embeddings 306 are input to input units of an input layer 322 and create activations which
propagate forward through the input layer as indicated by lines 310 to reach hidden layer
312. The hidden layer receives the output of the input layer as its input. The hidden layer
processes the signal according to activation functions represented as 314 in FIG. 3 and
weights at the hidden layer units. The output of the hidden layer 312 reaches the output
layer 316 which also processes the signal according to activation functions represented as
318 in FIG. 3 and generates activations represented as blobs on line 320 at the output
units. The activations of the output units are converted to scores of items in a set of
available item embeddings. This is done by taking a dot product (or other measure of
similarity) between the predicted item embedding given by the activations of the output
units and each of the available item embeddings and then, in the case that scalar bias
values are available, adding a scalar bias value which has been stored for that item. The
scores may be normalized so that they sum to one, for example by applying a softmax
function or in other ways. If the available item embeddings are for the words "person",
"being", "child", "house", "day" then the result is a score for each of "person", "being"
"child" "house" and "day" which indicates how likely the word is to be the next word
intended by the user.

[0043] FIG. 4 is a flow diagram of a method of operation at an electronic device
such as electronic device 102, 104, 106 of FIG 1. The electronic device stores 400 a copy
of a neural network which is available at a server. The electronic device optionally stores
402 a subset of item embeddings of the neural network which is available at the server.
For example, the subset of item embeddings is a default subset of item embeddings
comprising item embeddings for the top n most frequently used items as observed over a
population of users.

[0044] The electronic device receives 404, at an input interface, an item input by
the user as part of a sequence of items. For example, the input interface comprises a touch
screen and graphical user interface at the electronic device. The electronic device receives
a word typed into a predictive keyboard at the electronic device, or a phrase, emoji,
character or other item typed into a predictive keyboard at the electronic device. In
another example, the input interface comprises a microphone, an analog to digital signal

converter, and a speech recognition component whereby the user is able to speak words or
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phrases to input to the electronic device. The input interface is any mechanism which
enables a user to input data to the electronic device.

[0045] In some examples, the electronic device predicts that it will receive a user
input item rather than actually receiving that user input item at process 404. This
prediction is achieved in a variety of ways as described in more detail below.

[0046] The electronic device checks 406 whether the received item is present in
its memory. If so the electronic device retrieves 408 the item embedding corresponding to
the received item from its memory and processes 410 that item embedding through the
copy of the neural network at the electronic device. The item embedding is input to the
input units of the neural network which generates a signal that propagates through the
neural network as described above with reference to FIG. 3, to produce activations at the
output units. The activations at the output units give a predicted item embedding 412.
The similarity of the predicted item embedding 412 with each of a plurality of item
embeddings available at the electronic device is computed (such as by computing dot
products 414 as described above) and this gives scores for the individual items
corresponding to the item embeddings. The electronic device is then able to output one or
more predicted next items in the sequence 416 using the scores, such as by selecting the
three highest scoring predicted items. The item embeddings available at the electronic
device may be a default subset of the item embeddings from the server as explained above.
In cases where the electronic device begins with no item embeddings available then a
plurality of item embeddings are requested from the server or are built up over time
through the process described with reference to operations 418 to 422.

[0047] In the case that there is no item embedding corresponding to the received
item in memory of the electronic device, the electronic device triggers transfer of the item
embedding from the server to the electronic device. For example, the electronic device
sends 418 a request to the server. The request is a request for the item embedding of the
item and the request may be a message comprising an address of the electronic device and
an identifier of the item for which the item embedding is wanted. In some cases the
request is sent 418 on demand, that is, at the time the item embedding is wanted at
operation 408. In some cases the electronic device waits to accumulate a plurality of
requests and sends those together as a batch. In some cases the request is sent in
anticipation of process 408 by predicting what item embeddings the electronic device will

need in the future. The electronic device receives 420 the item embedding (or batch of
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item embeddings) from the server and updates 422 its memory to include the item
embedding(s). The process then returns to check point 406.

[0048] The prediction process at operation 404 makes use of item use data
available to the electronic device where appropriate consent has been given by the user.
For example, past SMS or email messages stored at the device or obtained from the server
may be used to find item use data where the items are words, phrases, emoji or other text
items. In some examples, the item use data is obtained from a language model such as a
dynamic n-gram language model or other form of language model at the electronic device.
For example, the predictive keyboard may comprise n-gram language model technology
for predicting candidate items in addition to the neural network technology. The n-gram
language model is dynamic where it updates counts of words or other text items as these
are observed at the electronic device. By reading values of suitable counters in the
dynamic n-gram language model a manager component 120 of the electronic device
obtains item use data in a simple, accurate and efficient manner. The manager component
uses the item use data to predict item embeddings at operation 404.

[0049] FIG. 5 is a flow diagram of a method of operation at a server such as
server 108 of FIG. 1. The server stores 500 a neural network such as that described with
reference to FIG. 3 or any other neural network which has been trained to predict
candidate next items of a sequence of items. The server stores an item embedding
generation process. In some examples the item embedding generation process comprises a
look up into a table, matrix or other store of item embeddings. In some examples the item
embedding generation process comprises a predictive model trained to predict item
embeddings from individual components of an item such as letters of individual words,
words of individual phrases, or other individual components. The predictive model may
be a neural network itself or any other type of predictive model. An example of a letter
based embedding predictor is now described.

[0050] An example letter based embedding predictor takes as input an item and
computes a predicted item embedding. The letter based embedding predictor may be
referred to as a character-compositional word embedding model which is a model that
takes into account one or more characters of each word. The predictive model is
parameterised and is trained in advance using labelled training data.

[0051] In an example the character-compositional word embedding model is
convolutional. For example, character embedding vectors are retrieved for each character

of each word from a lookup table which forms part of the model's parameters. For
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example, the character embedding vectors are learned via backpropagation during training
of the model in the same way as the model's other parameters. The retrieved character
embedding vectors for a given word are fed into a set of one-dimensional convolution
filters. The maximum output of each one-dimensional convolution over the length of the
word is then obtained. These maximum outputs are fed through additional dense
feedforward layers (such as a highway layer) of the neural network to yield a word
embedding for the word in question. This is one example of an architecture based on
convolutions and others are possible.

[0052] In other examples the character-compositional word embedding model is
a character recurrent neural network which has either unidirectionality or is bidirectional.
In some examples the recurrent neural network uses gated recurrent units (GRUs) or long
short term memory (LSTM) cells. In some examples the character-compositional word
embedding model is a combination (such as a concatenation, sum or other hybrid) of a
neural network which represents each word in terms of its characters, and an additional
per-word correction term, comprising a learned vector representation for each of the words
in a defined vocabulary, and a learned out-of-vocabulary representation for other words.

[0053] The server sends 502 a copy of the neural network to one or more
electronic devices. In some cases the electronic devices download the neural network
from the server. In some cases the neural network is installed at the electronic device
during manufacture.

[0054] The server optionally sends 504 a subset of the item embeddings to
individual ones of the electronic devices. In some cases the electronic devices download
the subset of the item embeddings. In some cases the subset of item embeddings is
installed at the electronic device during manufacture. The subset may be the top n most
frequently used item embeddings as observed over a population of users. The subset of
item embeddings has fewer item embeddings than are available at the server.

[0055] In some examples data sent from the server to the client is compressed at
the server before being sent, for example, using lossless compression protocols. In some
examples, the server quantizes the embeddings and/or neural network weights using a
lossy compression scheme before sending those to the client. For instance, rather than
sending a 4 byte floating point value per embedding or network weight, the server
quantizes to a 1 byte integer value per embedding or weight.

[0056] The server receives 506 a request for an item embedding, for example,

from one of the electronic devices or from an item use predictor 116 or manager
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component 120. The server checks 508 if the requested item embedding is available in a
store at the server and if not, it inputs 518 the item to an item embedding model (such as a
character-compositional word embedding model) as described above. The item
embedding model produces a predicted item embedding 520 which is added to the store
522 of item embeddings at the server. The server then sends 514 the predicted item
embedding to the electronic device either individually or as part of a batch. In the case of
a batch there is an operation 512 to wait for a batch to fill before being sent.

[0057] In the case that the server does find the item embedding in its store at step
508, the server retrieves 510 the item embedding from the store, optionally waits for a
batch to fill and sends 514 the item embedding to the electronic device. After sending 514
the process returns to operation 506.

[0058] With reference to FIG. 6, the item use predictor 116 at the server (or the
manager component 120 at the electronic device) obtains item use data, for example, from
social media data, from email messages, from SMS messages, from documents authored
by users, or other sources. In some cases at least part of the item use data is obtained from
a dynamic n-gram language model at the electronic device or at the server and is
supplemented with additional item use data.

[0059] In some examples, where user consent has been obtained, the electronic
device delivers item use data to the server by sending that data in batches as it is observed
at the electronic device, and/or at the point when the electronic device first begins
interaction with the server. Where user consent has been obtained, item use data
comprises one or more of: text of emails sent and/or received by the electronic device, text
of search queries input at the electronic device, text of documents authored at the
electronic device, text rendered or presented to the user in other ways by the electronic
device, or other text associated with the electronic device.

[0060] The item use data is made available 602 to an item use model which is
one or more rules, criteria or thresholds for selecting items which are unlikely to be
present at individual ones of the electronic devices. For example, the item use model
comprises rules to select frequently observed items which are not in a top n most
frequently used items of a population of users. The item use model is a trained predictor
in some examples such as a trained neural network or other type of predictor.

[0061] The selected items 604 are optionally filtered 606 using a log of item
embeddings which have recently been sent to an electronic device by the server or where

the server has created an updated item embedding which has been sent to the electronic
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device. Item embeddings are then requested for the selected items and the process moves
to operation 506 of FIG. 5.

[0062] FIG. 7 illustrates various components of an exemplary computing-based
device 700 which are implemented as any form of electronic device in which
embodiments of the methods of FIG 4 are implemented in some examples.

[0063] Computing-based device 700 comprises one or more processors 702
which are microprocessors, controllers or any other suitable type of processors for
processing computer executable instructions to control the operation of the device in order
to predict candidate items in a sequence of items to facilitate entry of the items into the
electronic device 700. In some examples, for example where a system on a chip
architecture is used, the processors 702 include one or more fixed function blocks (also
referred to as accelerators) which implement a part of the method of FIG. 4 in hardware
(rather than software or firmware). Platform software comprising an operating system
704 or any other suitable platform software is provided at the computing-based device 700
to enable application software 706 to be executed on the device. A neural network 720 is
stored at the electronic device and is a copy of a neural network available at a server. A
manager component 726 controls triggering of transfer of item embeddings from the
server to the electronic device. An input interface 722 receives items in a sequence of
items to enable a user to input the item to the electronic device 700. An item embeddings
subset 724 comprises a plurality of item embeddings of the neural network where the
number of item embeddings is less than a number of item embeddings available at the
server. Completion/correction predictor 718 uses output from the neural network 720 to
complete words, phrases, emoji or other items. For example, the completion/correction
predictor 718 is a predictive keyboard or a predictive speech recognition system.

[0064] The computer executable instructions are provided using any computer-
readable media that is accessible by computing based device 700. Computer-readable
media includes, for example, computer storage media such as memory 708 and
communications media. Computer storage media, such as memory 708, includes volatile
and non-volatile, removable and non-removable media implemented in any method or
technology for storage of information such as computer readable instructions, data
structures, program modules or the like. Computer storage media includes, but is not
limited to, random access memory (RAM), read only memory (ROM), erasable
programmable read only memory (EPROM), electronic erasable programmable read only

memory (EEPROM), flash memory or other memory technology, compact disc read only
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memory (CD-ROM), digital versatile disks (DVD) or other optical storage, magnetic
cassettes, magnetic tape, magnetic disk storage or other magnetic storage devices, or any
other non-transmission medium that is used to store information for access by a computing
device. In contrast, communication media embody computer readable instructions, data
structures, program modules, or the like in a modulated data signal, such as a carrier wave,
or other transport mechanism. As defined herein, computer storage media does not
include communication media. Therefore, a computer storage medium should not be
interpreted to be a propagating signal per se. Although the computer storage media
(memory 708) is shown within the computing-based device 700 it will be appreciated that
the storage is, in some examples, distributed or located remotely and accessed via a
network or other communication link (e.g. using communication interface 710).

[0065] The computing-based device 700 also comprises an input/output
controller 712 arranged to output display information to a display device 714 which may
be separate from or integral to the computing-based device 700. The display information
may provide a graphical user interface. The input/output controller 712 is also arranged to
receive and process input from one or more devices, such as a user input device 716 (e.g. a
mouse, keyboard, camera, microphone or other sensor). In some examples the user input
device 716 detects voice input, user gestures or other user actions and provides a natural
user interface (NUI). This user input may be used to input data to the electronic device.

In an embodiment the display device 714 also acts as the user input device 716 if itis a
touch sensitive display device. The input/output controller 712 outputs data to devices
other than the display device in some examples, e.g. a locally connected printing device.

[0066] Any of the input/output controller 712, display device 714 and the user
input device 716 may comprise NUI technology which enables a user to interact with the
computing-based device in a natural manner, free from artificial constraints imposed by
input devices such as mice, keyboards, remote controls and the like. Examples of NUI
technology that are provided in some examples include but are not limited to those relying
on voice and/or speech recognition, touch and/or stylus recognition (touch sensitive
displays), gesture recognition both on screen and adjacent to the screen, air gestures, head
and eye tracking, voice and speech, vision, touch, gestures, and machine intelligence.
Other examples of NUI technology that are used in some examples include intention and
goal understanding systems, motion gesture detection systems using depth cameras (such
as stereoscopic camera systems, infrared camera systems, red green blue (rgb) camera

systems and combinations of these), motion gesture detection using
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accelerometers/gyroscopes, facial recognition, three dimensional (3D) displays, head, eye
and gaze tracking, immersive augmented reality and virtual reality systems and
technologies for sensing brain activity using electric field sensing electrodes (electro
encephalogram (EEG) and related methods).

[0067] FIG. 8illustrates various components of an exemplary computing-based
device 800 which are implemented as any form of server in which embodiments of the
methods of FIG 5 and 6 are implemented in some examples.

[0068] Computing-based device 800 comprises one or more processors 802
which are microprocessors, controllers or any other suitable type of processors for
processing computer executable instructions to control the operation of the server in order
to send item embeddings to an electronic device which has limited resources, to facilitate
entry of the items into the electronic device. In some examples, for example where a
system on a chip architecture is used, the processors 802 include one or more fixed
function blocks (also referred to as accelerators) which implement a part of the method of
FIGs. 5 and 6 in hardware (rather than software or firmware). Platform software
comprising an operating system 804 or any other suitable platform software is provided at
the computing-based device 800 to enable application software 806 to be executed on the
device. A neural network 820 is stored at the server. An item embedding model 826 is
present in some cases and enables item embeddings to be generated. In some cases the
item embedding model is a character-compositional word embedding model. An item use
prediction component 822 identifies items that individual ones of the electronic devices
are likely to need in future. An item embeddings store 824 holds item embeddings which
are available at the server. Completion/correction predictor 818 uses output from the
neural network 820 to complete words, phrases, emoji or other items in a sequence of
items. For example, the completion/correction predictor 818 is a predictive keyboard or a
predictive speech recognition system.

[0069] The computer executable instructions are provided using any computer-
readable media that is accessible by computing based device 800. Computer-readable
media includes, for example, computer storage media such as memory 808 and
communications media. Computer storage media, such as memory 808, includes volatile
and non-volatile, removable and non-removable media implemented in any method or
technology for storage of information such as computer readable instructions, data
structures, program modules or the like. Computer storage media includes, but is not

limited to, random access memory (RAM), read only memory (ROM), erasable
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programmable read only memory (EPROM), electronic erasable programmable read only
memory (EEPROM), flash memory or other memory technology, compact disc read only
memory (CD-ROM), digital versatile disks (DVD) or other optical storage, magnetic
cassettes, magnetic tape, magnetic disk storage or other magnetic storage devices, or any
other non-transmission medium that is used to store information for access by a computing
device. In contrast, communication media embody computer readable instructions, data
structures, program modules, or the like in a modulated data signal, such as a carrier wave,
or other transport mechanism. As defined herein, computer storage media does not
include communication media. Therefore, a computer storage medium should not be
interpreted to be a propagating signal per se. Although the computer storage media
(memory 808) is shown within the computing-based device 800 it will be appreciated that
the storage is, in some examples, distributed or located remotely and accessed via a
network or other communication link (e.g. using communication interface 810).

[0070] The computing-based device 800 also comprises an input/output
controller 812 arranged to output display information to a display device 814 which may
be separate from or integral to the computing-based device 800. The display information
may provide a graphical user interface. The input/output controller 812 is also arranged to
receive and process input from one or more devices, such as a user input device 816 (e.g. a
mouse, keyboard, camera, microphone or other sensor). In some examples the user input
device 816 detects voice input, user gestures or other user actions and provides a natural
user interface (NUI). This user input may be used to input data to the electronic device.

In an embodiment the display device 814 also acts as the user input device 816 if itis a
touch sensitive display device. The input/output controller 812 outputs data to devices
other than the display device in some examples, e.g. a locally connected printing device.

[0071] Any of the input/output controller 812, display device 814 and the user
input device 816 may comprise NUI technology as described with reference to FIG. 7.

[0072] Alternatively or in addition to the other examples described herein,
examples include any combination of the following:

[0073] An electronic device comprising:

[0074] at least one input interface to receive at least one item of a sequence of
items;

[0075] acommunications interface to communicate with a server over a
communications network, the server storing a neural network and a process which

generates item embeddings of the neural network;
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[0076] amemory storing a copy of at least part of the neural network and a
plurality of item embeddings of the neural network;

[0077] amanager component which, in the case when there is unavailability at
the electronic device of a corresponding item embedding corresponding to the received at
least one item, triggers transfer of at least the corresponding item embedding from the
server to the electronic device; and

[0078] a processor to predict at least one candidate next item in the sequence by
processing the corresponding item embedding, and item embeddings for one or more other
preceding items if available, with the copy of at least part of the neural network and using
item embeddings for a plurality of candidate next items retrieved from the memory.

[0079] The electronic device described above wherein the plurality of item
embeddings stored at the electronic device is fewer than a number of item embeddings
stored at the server.

[0080] The electronic device described above wherein an item embedding is a
plurality of learnt weights representing an item of the sequence of items in a form that
can be processed by units of a neural network.

[0081] The electronic device described above wherein the processor is
configured to retrieve an output vector at an output layer of the neural network by
transforming input to the output layer, with an encoding matrix formed from the plurality
of item embeddings stored in the memory, wherein the output vector corresponds to the at
least one candidate next item.

[0082] The electronic device described above wherein the manager component is
configured to trigger transfer of the corresponding item embedding from the server by
sending a request to the server, the request comprising the received at least one item or an
identifier of the received at least one item.

[0083] The electronic device described above wherein the manager component is
configured to control the number of item embeddings of the neural network stored in the
memory by replacing or deleting individual ones of the item embeddings such that a
maximum number of item embeddings stays below a threshold value.

[0084] The electronic device described above wherein the manager component is
configured to control the number of item embeddings of the neural network stored in the
memory by using a least recently used cache.

[0085] The electronic device described above wherein the manager component is

configured to access data about historical sequences of items and is configured to trigger
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transfer of item embeddings to the electronic device from the server based at least on the
data.

[0086] The electronic device of described above wherein the manager
component is configured to use smoothed frequency of item use data to trigger transfer of
embeddings to the electronic device from the server.

[0087] The electronic device described above wherein the manager component is
configured to ensure that a specified plurality of item embeddings are retained in the
memory at the electronic device.

[0088] The electronic device described above wherein the manager component is
configured to access the data about historical sequences of items from a dynamic n-gram
language model at the electronic device.

[0089] The electronic device described above wherein the processor is
configured to display the candidate next item for input to the electronic device.

[0090] A server comprising:

[0091] aneural network configured to predict at least one candidate next item in
a sequence of items using item embeddings of the neural network;

[0092] a processor configured to generate item embeddings of the neural
network; and

[0093] acommunications interface to communicate with an electronic device
over a communications network, the electronic device having a copy of at least part of the
neural network;

[0094] the processor configured to send one or more of the item embeddings to
the electronic device using the communications interface, at least when triggered by the
electronic device.

[0095] The server described above wherein the processor is configured to
generate the item embeddings of the neural network by looking up the item embeddings in
a store of item embeddings stored at the server.

[0096] The server described above wherein the processor is configured to
generate an item embedding corresponding to an item of a sequence of items received over
the communications interface from the electronic device, and to send the generated item
embedding to the electronic device.

[0097] The server described above wherein the processor is configured to send
one or more of the item embeddings to the electronic device according to predictions of

item embeddings that the electronic device is predicted to need.
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[0098] The server described above comprising an item use prediction component
configured to predict items for which item embeddings will be needed at the electronic
device, using item use data.

[0099] The server described above wherein a plurality of item embeddings is
stored at the server and wherein a number of item embeddings stored at the server is
greater than a threshold number of item embeddings permitted at the electronic device.

[0100] The server described above wherein an item embedding is a plurality of
learnt weights representing an item of the sequence of items as a real-valued vector.

[0101] A method at an electronic device comprising:

[0102] receiving, at an input interface, at least one item of a sequence of items;

[0103] communicating with a server over a communications network, the server
storing a neural network and a process which generates item embeddings of the neural
network;

[0104] storing a copy of at least part of the neural network and a plurality of item
embeddings of the neural network;

[0105] in the case when there is unavailability at the electronic device of a
corresponding item embedding corresponding to the received at least one item, triggering
transfer of the corresponding item embedding from the server to the electronic device;

[0106] predicting at least one candidate next item in the sequence by processing
the corresponding item embedding, and item embeddings for one or more other preceding
items if available, with the copy of at least part of the neural network and using item
embeddings for a plurality of candidate next items retrieved from the memory; and

[0107] providing the candidate next item for input to the electronic device.

[0108] A method at a server comprising:

[0109] storing a neural network configured to predict at least one candidate next
item in a sequence of items using item embeddings of the neural network;

[0110] generating item embeddings of the neural network;

[0111] communicating with an electronic device over a communications
network, the electronic device having a copy of the neural network;

[0112] sending one or more of the item embeddings to the electronic device
using the communications interface, at least when triggered by the electronic device.

[0113] A method at an electronic device comprising:

[0114] means for receiving, at least one item of a sequence of items;
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[0115] means for communicating with a server over a communications network,
the server storing a neural network and a process which generates item embeddings of the
neural network;

[0116] means for storing a copy of at least part of the neural network and a
plurality of item embeddings of the neural network;

[0117] means for, in the case when there is unavailability at the electronic device
of a corresponding item embedding corresponding to the received at least one item,
triggering transfer of the corresponding item embedding from the server to the electronic
device; and

[0118] means for predicting at least one candidate next item in the sequence by
processing the corresponding item embedding, and item embeddings for one or more other
preceding items if available, with the copy of at least part of the neural network and using
item embeddings for a plurality of candidate next items retrieved from the memory.

[0119] In an embodiment, an electronic device may be implemented comprising:

[0120] at least one processor; and

[0121] amemory communicatively coupled to the at least one processor, the
memory storing thereon:

[0122] data indicative of at least part of a neural network and a plurality of item
embeddings of the neural network; and

[0123] computer-readable instructions that, when executed by the at least one
processor, cause the electronic device to performs operations comprising:

[0124] receiving, from at least one input interface, data indicative of at least one
item of a sequence of items;

[0125] initiating transfer of an item embedding corresponding to the received at
least one item from a server storing the neural network when the corresponding item
embedding is not available at the electronic device;

[0126] accessing item embeddings for a plurality of candidate next items and
item embeddings for one or more other preceding items when available; and

[0127] predicting at least one candidate next item in the sequence of items based
on said accessing, the at least part of the neural network, and the corresponding item
embedding.

[0128] In an embodiment, the plurality of item embeddings stored at the

electronic device is fewer than a number of item embeddings stored at the server.

22



10

15

20

25

30

WO 2018/080813 PCT/US2017/056702

[0129] In an embodiment, an item embedding is a plurality of learned weights
representing an item of the sequence of items in a form that can be processed by units of a
neural network.

[0130] In an embodiment, the electronic device further comprises computer-
readable instructions that, when executed by the at least one processor, cause the
electronic device to performs operations comprising retrieving an output vector at an
output layer of the neural network by transforming input to the output layer, with an
encoding matrix formed from the plurality of item embeddings stored in the memory,
wherein the output vector corresponds to the at least one candidate next item.

[0131] In an embodiment, the electronic device further comprises computer-
readable instructions that, when executed by the at least one processor, cause the
electronic device to performs operations comprising triggering transfer of the
corresponding item embedding from the server by sending a request to the server, the
request comprising the received at least one item or an identifier of the received at least
one item.

[0132] In an embodiment, the electronic device further comprises computer-
readable instructions that, when executed by the at least one processor, cause the
electronic device to performs operations comprising controlling a number of item
embeddings of the at least part of the neural network by replacing or deleting individual
ones of the item embeddings such that a maximum number of item embeddings remains
below a threshold value.

[0133] In an embodiment, the electronic device further comprises computer-
readable instructions that, when executed by the at least one processor, cause the
electronic device to performs operations comprising controlling a number of item
embeddings of the at least part of the neural network by using a least recently used cache.

[0134] In an embodiment, the electronic device further comprises computer-
readable instructions that, when executed by the at least one processor, cause the
electronic device to performs operations comprising accessing data about historical
sequences of items and triggering transfer of item embeddings to the electronic device
from the server based at least on the data.

[0135] In an embodiment, the electronic device further comprises computer-
readable instructions that, when executed by the at least one processor, cause the
electronic device to performs operations comprising using smoothed frequency of item use

data to trigger transfer of embeddings to the electronic device from the server.
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[0136] In an embodiment, the electronic device further comprises computer-
readable instructions that, when executed by the at least one processor, cause the
electronic device to performs operations comprising ensuring that a specified plurality of
item embeddings are retained in the memory at the electronic device.

[0137] In an embodiment, the electronic device further comprises computer-
readable instructions that, when executed by the at least one processor, cause the
electronic device to performs operations comprising accessing the data about historical
sequences of items from a dynamic n-gram language model at the electronic device.

[0138] In an embodiment, the electronic device further comprises computer-
readable instructions that, when executed by the at least one processor, cause the
electronic device to performs operations comprising displaying the candidate next item for
input to the electronic device.

[0139] In an embodiment, a server comprises:

[0140] aneural network configured to predict at least one candidate next item in
a sequence of items using item embeddings of the neural network;

[0141] a processor; and

[0142] amemory communicatively coupled to processor, the memory storing
thereon computer-readable instructions that, when executed by the processor, cause the
server to performs operations comprising:

[0143] generating item embeddings of the neural network; and

[0144] sending one or more of the item embeddings to an electronic device when
triggered by the electronic device storing thereon a copy of at least part of the neural
network.

[0145] In an embodiment, the server further comprises computer-readable
instructions that, when executed by the processor, cause the server to performs operations
comprising generating the item embeddings of the neural network by looking up the item
embeddings in a store of item embeddings stored at the server.

[0146] In an embodiment, the server further comprises computer-readable
instructions that, when executed by the processor, cause the server to performs operations
comprising:

[0147] generating an item embedding corresponding to an item of a sequence of
items received from the electronic device, and

[0148] sending the generated item embedding to the electronic device.
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[0149] In an embodiment, the server further comprises computer-readable
instructions that, when executed by the processor, cause the server to performs operations
comprising sending one or more of the item embeddings to the electronic device according
to predictions of item embeddings that the electronic device is predicted to need.

[0150] In an embodiment, the server further comprises computer-readable
instructions that, when executed by the processor, cause the server to performs operations
comprising predicting items for which item embeddings will be needed at the electronic
device, using item use data.

[0151] In an embodiment, a plurality of item embeddings is stored at the server
and wherein a number of item embeddings stored at the server is greater than a threshold
number of item embeddings permitted at the electronic device.

[0152] In an embodiment, an item embedding is a plurality of learned weights
representing an item of the sequence of items as a real-valued vector.

[0153] In an embodiment, a method comprises:

[0154] receiving, at an input interface of a computing device, at least one item of
a sequence of items;

[0155] communicating, by the computing device over a communications
network, with a server storing a neural network and configured to implement a process
which generates item embeddings of the neural network;

[0156] storing, at the computing device, a copy of at least part of the neural
network and a plurality of item embeddings of the neural network;

[0157] triggering, by the computing device, transfer of the corresponding item
embedding from the server to the computing device when there is unavailability at the
computing device of a corresponding item embedding corresponding to the received at
least one item;

[0158] predicting, by the computing device, at least one candidate next item in
the sequence by processing the corresponding item embedding and item embeddings for
one or more other preceding items when available, with the copy of at least part of the
neural network and using item embeddings for a plurality of candidate next items retrieved
from the memory; and

[0159] inputting the candidate next item to the computing device.

[0160] The examples illustrated and described herein as well as examples not
specifically described herein but within the scope of aspects of the disclosure constitute

exemplary means for communicating with a server over a communications network, the
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server storing a neural network and a process which generates item embeddings of the
neural network. For example, the means for communicating with a server comprises
communications interface 710, 810 such as a network card, a transceiver or any other
communications interface. For example, the means for storing a copy of the neural
network and a plurality of item embeddings of the neural network comprises a memory
such as any of the types of memory described with reference to FIGs 7 and 8. For
example, the means for, in the case when there is unavailability at the electronic device of
a corresponding item embedding corresponding to the received at least one item,
triggering transfer of the corresponding item embedding from the server to the electronic
device, comprises a processor or a memory manager at the electronic device. For
example, the means for predicting at least one candidate next item in the sequence by
processing the corresponding item embedding with the copy of the neural network and the
plurality of item embeddings stored in the memory, comprises a processor at the electronic
device. For example, a means for displaying the candidate next item for input to the
electronic device comprises the processor at the electronic device.

[0161] The term 'computer' or 'computing-based device' is used herein to refer to
any device with processing capability such that it executes instructions. Those skilled in
the art will realize that such processing capabilities are incorporated into many different
devices and therefore the terms 'computer' and 'computing-based device' each include
personal computers (PCs), servers, mobile telephones (including smart phones), tablet
computers, set-top boxes, media players, games consoles, personal digital assistants,
wearable computers, and many other devices.

[0162] The methods described herein are performed, in some examples, by
software in machine readable form on a tangible storage medium e.g. in the form of a
computer program comprising computer program code means adapted to perform all the
operations of one or more of the methods described herein when the program is run on a
computer and where the computer program may be embodied on a computer readable
medium. The software is suitable for execution on a parallel processor or a serial
processor such that the method operations may be carried out in any suitable order, or
simultaneously.

[0163] This acknowledges that software is a valuable, separately tradable
commodity. It is intended to encompass software, which runs on or controls “dumb” or
standard hardware, to carry out the desired functions. It is also intended to encompass

software which “describes” or defines the configuration of hardware, such as HDL
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(hardware description language) software, as is used for designing silicon chips, or for
configuring universal programmable chips, to carry out desired functions.

[0164] Those skilled in the art will realize that storage devices utilized to store
program instructions are optionally distributed across a network. For example, a remote
computer is able to store an example of the process described as software. A local or
terminal computer is able to access the remote computer and download a part or all of the
software to run the program. Alternatively, the local computer may download pieces of the
software as needed, or execute some software instructions at the local terminal and some
at the remote computer (or computer network). Those skilled in the art will also realize
that by utilizing conventional techniques known to those skilled in the art that all, or a
portion of the software instructions may be carried out by a dedicated circuit, such as a
digital signal processor (DSP), programmable logic array, or the like.

[0165] Any range or device value given herein may be extended or altered
without losing the effect sought, as will be apparent to the skilled person.

[0166] Although the subject matter has been described in language specific to
structural features and/or methodological acts, it is to be understood that the subject matter
defined in the appended claims is not necessarily limited to the specific features or acts
described above. Rather, the specific features and acts described above are disclosed as
example forms of implementing the claims.

[0167] It will be understood that the benefits and advantages described above
may relate to one embodiment or may relate to several embodiments. The embodiments
are not limited to those that solve any or all of the stated problems or those that have any
or all of the stated benefits and advantages. It will further be understood that reference to
'an' item refers to one or more of those items.

[0168] The operations of the methods described herein may be carried out in any
suitable order, or simultaneously where appropriate. Additionally, individual blocks may
be deleted from any of the methods without departing from the scope of the subject matter
described herein. Aspects of any of the examples described above may be combined with
aspects of any of the other examples described to form further examples without losing the
effect sought.

[0169] The term 'comprising' is used herein to mean including the method blocks
or elements identified, but that such blocks or elements do not comprise an exclusive list

and a method or apparatus may contain additional blocks or elements.
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[0170] The term ‘subset’ is used herein to refer to a proper subset such that a
subset of a set does not comprise all the elements of the set (i.e. at least one of the
elements of the set is missing from the subset).

[0171] It will be understood that the above description is given by way of
example only and that various modifications may be made by those skilled in the art. The
above specification, examples and data provide a complete description of the structure and
use of exemplary embodiments. Although various embodiments have been described
above with a certain degree of particularity, or with reference to one or more individual
embodiments, those skilled in the art could make numerous alterations to the disclosed

embodiments without departing from the spirit or scope of this specification.
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CLAIMS
1. An electronic device comprising:
at least one processor; and
a memory communicatively coupled to the at least one processor, the memory
storing thereon:
data indicative of at least part of a neural network and a plurality of item
embeddings of the neural network; and
computer-readable instructions that, when executed by the at least one processor,
cause the electronic device to performs operations comprising:
receiving, from at least one input interface, data indicative of at least one
item of a sequence of items;
initiating transfer of an item embedding corresponding to the received at
least one item from a server storing the neural network when the corresponding
item embedding is not available at the electronic device;
accessing item embeddings for a plurality of candidate next items and item
embeddings for one or more other preceding items when available; and
predicting at least one candidate next item in the sequence of items based
on said accessing, the at least part of the neural network, and the corresponding
item embedding.
2. The electronic device of claim 1 wherein the plurality of item embeddings stored at
the electronic device is fewer than a number of item embeddings stored at the server.
3. The electronic device of claim 1 wherein an item embedding is a plurality of
learned weights representing an item of the sequence of items in a form that can be
processed by units of a neural network.
4. The electronic device of claim 1 further comprising computer-readable instructions
that, when executed by the at least one processor, cause the electronic device to performs
operations comprising retrieving an output vector at an output layer of the neural network
by transforming input to the output layer, with an encoding matrix formed from the
plurality of item embeddings stored in the memory, wherein the output vector corresponds
to the at least one candidate next item.
5. The electronic device of claim 1 further comprising computer-readable instructions
that, when executed by the at least one processor, cause the electronic device to performs

operations comprising triggering transfer of the corresponding item embedding from the
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server by sending a request to the server, the request comprising the received at least one
item or an identifier of the received at least one item.
6. The electronic device of claim 1 further comprising computer-readable instructions
that, when executed by the at least one processor, cause the electronic device to performs
operations comprising controlling a number of item embeddings of the at least part of the
neural network by replacing or deleting individual ones of the item embeddings such that a
maximum number of item embeddings remains below a threshold value.
7. The electronic device of claim 1 further comprising computer-readable instructions
that, when executed by the at least one processor, cause the electronic device to performs
operations comprising controlling a number of item embeddings of the at least part of the
neural network by using a least recently used cache.
8. The electronic device of claim 1 further comprising computer-readable instructions
that, when executed by the at least one processor, cause the electronic device to performs
operations comprising accessing data about historical sequences of items and triggering
transfer of item embeddings to the electronic device from the server based at least on the
data.
9. The electronic device of claim 1 further comprising computer-readable instructions
that, when executed by the at least one processor, cause the electronic device to performs
operations comprising using smoothed frequency of item use data to trigger transfer of
embeddings to the electronic device from the server.
10. The electronic device of claim 1 further comprising computer-readable instructions
that, when executed by the at least one processor, cause the electronic device to performs
operations comprising ensuring that a specified plurality of item embeddings are retained
in the memory at the electronic device.
11. The electronic device of claim 1 further comprising computer-readable instructions
that, when executed by the at least one processor, cause the electronic device to performs
operations comprising accessing the data about historical sequences of items from a
dynamic n-gram language model at the electronic device.
12. The electronic device of claim 1 further comprising computer-readable instructions
that, when executed by the at least one processor, cause the electronic device to performs
operations comprising displaying the candidate next item for input to the electronic device.
13. A server comprising:

a neural network configured to predict at least one candidate next item in a

sequence of items using item embeddings of the neural network;
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a processor; and

a memory communicatively coupled to processor, the memory storing thereon
computer-readable instructions that, when executed by the processor, cause the server to
performs operations comprising:

generating item embeddings of the neural network; and

sending one or more of the item embeddings to an electronic device when triggered
by the electronic device storing thereon a copy of at least part of the neural network.
14. The server of claim 13 further comprising computer-readable instructions that,
when executed by the processor, cause the server to performs operations comprising
generating the item embeddings of the neural network by looking up the item embeddings
in a store of item embeddings stored at the server.
15. A method comprising:

receiving, at an input interface of a computing device, at least one item of a
sequence of items;

communicating, by the computing device over a communications network, with a
server storing a neural network and configured to implement a process which generates
item embeddings of the neural network;

storing, at the computing device, a copy of at least part of the neural network and a
plurality of item embeddings of the neural network;

triggering, by the computing device, transfer of the corresponding item embedding
from the server to the computing device when there is unavailability at the computing
device of a corresponding item embedding corresponding to the received at least one item;

predicting, by the computing device, at least one candidate next item in the
sequence by processing the corresponding item embedding and item embeddings for one
or more other preceding items when available, with the copy of at least part of the neural
network and using item embeddings for a plurality of candidate next items retrieved from
the memory; and

inputting the candidate next item to the computing device.
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