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TREND PREDICTION BASED ON NEURAL NETWORK

BACKGROUND

[0001] In some trend predicting applications, data associated with one or more objects
may be abrupt and time-relevant. For example, news data associated with epidemiology and
monitoring data within a large-scale data center may have the above characteristics.
Therefore, it becomes quite difficult to predict the object trend based on such data.
Furthermore, with the development of the network, information sources are becoming more
and more abundant and data are becoming more and more diverse, which makes it difficult
to determine information quality and reliability. Hence, it is desirable to provide an
improved trend prediction solution.

SUMMARY

[0002] Various implementations of the present disclosure provide a solution for trend
prediction based on a neural network. In some implementations, a method comprises:
obtaining time series data associated with an object; computing a vector representation of
the time series data with a recurrent neural network; determining, based on the vector
representation of the times series data, a probability that the object is associated with a
predefined label, wherein the label indicates a class of a trend in which the object varies
over time; and generating, based on the probability, a prediction for the trend in which the
object varies over time.

[0003] This Summary is provided to introduce a selection of concepts in a simplified
form that are further described below in the Detailed Description. 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.

BRIEF DESCRIPTION OF THE DRAWINGS

[0004] Fig. 1 is a block diagram illustrating a computing device for implementing
various implementations of the present disclosure;

[0005]  Figs. 2 illustrates an architecture of a neural network in accordance with some
implementations of the present disclosure;

[0006] Fig. 3 is a schematic diagram illustrating a recurrent neural network in accordance
with some implementations of the present disclosure;

[0007] Fig. 4 is a flowchart illustrating a method for predicting a trend of an object in
accordance with some implementations of the present disclosure; and

[0008] Fig. 5 is a flowchart illustrating a method for training a neural network in
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accordance with an implementation of the present disclosure.

[0009] Throughout the drawings, the same or similar reference symbols refer to the same
or similar elements.

DETAILED DESCRIPTION

[0010] The subject matter described herein will now be discussed with reference to
several example implementations. It is to be understood these implementations are
discussed only for the purpose of enabling those skilled persons in the art to better
understand and thus implement the subject matter described herein, rather than suggesting
any limitations on the scope of the subject matter.

[0011]  As used herein, the term “includes” and its variants are to be read as open terms
that mean “includes, but is not limited to.” The term “based on” is to be read as “based at
least in part on.” The term “one implementation” and “an implementation” are to be read as
“at least one implementation.” The term “another implementation” is to be read as “at least
one other implementation.” The terms “first,” “second,” and the like may refer to different
or same objects. Other definitions, explicit and implicit, may be included below.

Example Environment

[0012] Basic principles and several example implementations of the present disclosure
will be explained below with reference to the drawings. Fig. 1 illustrates a block diagram of
a computing device 100 that can carry out a plurality of implementations of the present
disclosure. It should be understood that the computing device 100 shown in Fig. 1 is only
exemplary and shall not constitute any restrictions over functions and scopes of the
implementations described by the present disclosure. According to Fig. 1, the computing
device 100 includes a computing device 100 in the form of a general purpose computing
device. Components of the computing device 100 can include, but not limited to, one or
more processors or processing units 110, memory 120, storage device 130, one or more
communication units 140, one or more input devices 150 and one or more output devices
160.

[0013] In some implementations, the computing device 100 can be implemented as
various user terminals or service terminals with computing power. The service terminals
can be servers, large-scale computing devices and the like provided by a variety of service
providers. The user terminal, for example, is mobile terminal, fixed terminal or portable
terminal of any types, including mobile phone, site, unit, device, multimedia computer,
multimedia tablet, Internet nodes, communicator, desktop computer, laptop computer,

notebook computer, netbook computer, tablet computer, Personal Communication System
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(PCS) device, personal navigation device, Personal Digital Assistant (PDA), audio/video
player, digital camera/video, positioning device, television receiver, radio broadcast
receiver, electronic book device, gaming device or any other combinations thereof
consisting of accessories and peripherals of these devices or any other combinations thereof.
It can also be predicted that the computing device 100 can support any types of user-specific
interfaces (such as “wearable” circuit and the like).

[0014] The processing unit 110 can be a physical or virtual processor and can execute
various processing based on the programs stored in the memory 120. In a multi-processor
system, a plurality of processing units executes computer-executable instructions in parallel
to enhance parallel processing capability of the computing device 100. The processing unit
110 also can be known as central processing unit (CPU), microprocessor, controller and
microcontroller.

[0015] The computing device 100 usually includes a plurality of computer storage media.
Such media can be any attainable media accessible by the computing device 100, including
but not limited to volatile and non-volatile media, removable and non-removable media.
The memory 120 can be a volatile memory (e.g., register, cache, Random Access Memory
(RAM)), a non-volatile memory (such as, Read-Only Memory (ROM), Electrically Erasable
Programmable Read-Only Memory (EEPROM), flash), or any combinations thereof. The
memory 120 can include a predicting module 122 configured to execute functions of various
implementations described herein. The predicting module 122 can be accessed and operated
by the processing unit 110 to perform corresponding functions.

[0016] The storage device 130 can be removable or non-removable medium, and can
include machine readable medium, which can be used for storing information and/or data
and can be accessed within the computing device 100. The computing device 100 can further
include a further removable/non-removable, volatile/non-volatile storage medium.
Although not shown in Fig. 1, there can be provided a disk drive for reading from or writing
into a removable and non-volatile disk and an optical disk drive for reading from or writing
into a removable and non-volatile optical disk. In such cases, each drive can be connected
via one or more data medium interfaces to the bus (not shown).

[0017] The communication unit 140 implements communication with another
computing device through communication media. Additionally, functions of components of
the computing device 100 can be realized by a single computing cluster or a plurality of
computing machines, and these computing machines can communicate through

communication connections. Therefore, the computing device 100 can be operated in a
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networked environment using a logic connection to one or more other servers, a Personal
Computer (PC) or a further general network node.

[0018] The input device 150 can be one or more various input devices, such as mouse,
keyboard, trackball, voice-input device and the like. The output device 160 can be one or
more output devices, e.g., display, loudspeaker and printer etc. The computing device 100
also can communicate through the communication unit 140 with one or more external
devices (not shown) as required, wherein the external device, e.g., storage device, display
device etc., communicates with one or more devices that enable the users to interact with
the computing device 100, or with any devices (such as network card, modem and the like)
that enable the computing device 100 to communicate with one or more other computing
devices. Such communication can be executed via Input/Output (I/O) interface (not shown).
[0019] The computing device 100 can be provided for implementing trend prediction for
one or more objects in accordance with implementations of the present disclosure, for
example, the object increases, reduces, or remains stable. The computing device 100, when
performing the prediction, can receive time series data 170 associated with the one or more
objects through the input device 150. The computing device 100 can process the time series
data 170 and determine the trend of the object based on the time series data 170. The trend
of the object can be provided to the output device 160 as an output 180 for the user and the
like.

[0020] Fig. 2 is a schematic diagram illustrating a neural network 200 for predicting a
trend of an object in accordance with some implementations of the present disclosure. As
shown in Fig. 2, the neural network 200 includes a Recurrent Neural Network (RNN) 230,
which can comprise one or more recurrent neural network units, such as Gated Recurrent
Unit (GRU), Long Short Term Memory (LSTM) unit and/or the like. At each time step, the
recurrent neural network unit can receive the input data and latent state of the previous time
step and determine the latent state of this time step based on the input data of this time step
and the latent state of the previous time step. In a unidirectional recurrent neural network,
the latent state of the last time step usually serves as an output provided to the subsequent
network.

[0021] For example, the neural network 200 can obtain the time series data associated
with one or more objects. The time series data can be data in the text form, such as news
etc., and also can be data in other forms, e.g., numbers. For example, the time series data
can include news at different time and from different sources.

[0022] In some implementations, data items such as news can be converted through an
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embedding layer into corresponding vector representations, which are provided to the neural
network 200 to determine a vector representation (e.g., vector V 250 shown in Fig. 2) of the
time series data (also known as a sample for training). The vector representation can have
the same dimension as the latent state of the recurrent neural network 230. A number of
words can be selected from one data item such as news to determine a vector representation
of each word through the embedding layer, and these vector representations are averaged to
determine the vector representation of the data item. For example, vector representations
n21 202, n2» 204 and ny 1. 206 of several data items are illustrated as examples in Fig. 2.
[0023] Asdescribed above, the recurrent neural network 230 can be used for determining
the vector representation of the obtained time series data. For example, the vector
representation can be the vector V 250 as shown in Fig. 2. A discriminative network 260
can determine, based on the vector V 250, a probability that an object is associated with a
predefined label as an output 270, which is provided to facilitate prediction of the in which
the object varies over time. In addition or alternatively, the discriminative network 260 can
output a label with the maximum probability as the prediction for the object trend. The label
can indicate a class of trend in which the object varies over time, for example, up, down,
stable, and/or the like.

[0024] In some implementations, the time series data can be segmented or divided into a
plurality of portions corresponding to a plurality of inputs of the recurrent neural network
230 as shown in Fig. 2. For example, the time series data is segmented into these portions
based on a predefined time period. Each input of the recurrent neural network 230 can
correspond to one time step, such as one day or one week. Therefore, each portion of the
time series data can include a plurality of different data items within the respective time step.
As shown in Fig. 2, a plurality of different data items n»; 202, ny» 204 and np 1 206 are
illustrated as examples when the time step t=2.

[0025] In some implementations, different data items such as different news within each
time step or time period show different importance for prediction. For example, some data
items can greatly affect the prediction result while some data items have less influence on
the prediction result. In order to consider this factor, an attention layer 210 can determine
weights of different data items for each time step and weight the respective data items with
the weights to determine the weighted data item associated with the time step. The weighted
data item can be provided to a respective input of the recurrent neural network 230.

[0026] Equation (1) illustrates a mathematical expression for determining the weighted

data item in accordance with some implementations of the present disclosure. The vector
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representation ng of the data item i at the time step t is provided to the attention layer 210 to
obtain a respective attention value ug, where sigmoid(-) represents a sigmoid function and
W, and b, denote a parameter matrix and a parameter vector, respectively. The attention
value uq is normalized through the soffmax function to obtain a weight «a,;. The weight ay;
can weight the vector representation n, of the respective data item to determine the
weighted dataitem d, atthetime step t. The input vectors over N time steps can be denoted

as D =1[d;],i e [1,N].

= sigmoid(Wyng + by}
explie )
L T e R N
2y explug;) (1)
dy = Zﬁffintf

i
[0027] Asanexample, as shown in Fig. 2, when the time step t=2, the attention layer 210
can determine weights o5, 05, and a, (also known as importance or attention) for the
data items n,; 202, ny, 204, and np; 206. The weights a,;, &, and oy can
weight the respective data items np; 202, n,, 204, and n,; 206 to determine the
weighted data item d, 224 associated with the time step t=2. The weighted data item d,
224 can be provided to the respective input of the recurrent neural network 230. In a similar
way, respective weighted data items d; 222, ......, dy 226 can be obtained for the time
stepst=1, ......, =N.

[0028] In some implementations, the recurrent neural network 230 can be a bidirectional
recurrent neural network. Fig. 3 illustrates a recurrent neural network 230 in accordance
with some implementations of the present disclosure. The recurrent neural network units
314, 324, and 334 in the recurrent neural network 230 can receive, at each time step,
respective input data and the latent state at the previous time step. For example, at the time
step t=2, the recurrent neural network unit 324 receives, from the recurrent neural network
unit 314, the latent state h_{ at the previous time step and respective input data (e.g.,

weighted data item d,) and determines the latent state h_z) at the time step based on the
latent state h_{ and the input data (e.g., weighted data item d,). Likewise, at the time step
t=N, the recurrent neural network unit 334 receives, from the recurrent neural network unit
at the time step t=N-1, the latent state m and respective input data (e.g., weighted data
item dp) and determines the latent state Ev) at the time step t=N based on the latent state

hy_, and the input data (e.g., weighted data item dy).
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[0029] In addition, the recurrent neural network units 312, 322 and 332 in the recurrent
neural network 230 can receive, at each time step, the respective input data and the latent
state at the next time step. For example, at the time step t=1, the recurrent neural network
unit 312 receives, from the recurrent neural network unit 322, the latent state (h_z at the next
time step and respective input data (e.g., weighted data item d,) and determines the latent
state (h_1 at the time step based on the latent state 71—2 and the input data (e.g., weighted data
item d;). Similarly, at the time step t=N-1, the recurrent neural network unit can receive,
from the recurrent neural network unit 332 at the time step t=N, the latent state (h_zv and the
respective input data (e.g., weighted data item dp_;) and determine, based on the latent
state (h_N and the input data (e.g., weighted data item d_,), the latent state m at the
time step t=N-1.
[0030] In Fig. 3, at the time step t=1, the recurrent neural network unit 310 is shown to
include respective recurrent neural network units 312 and 314; at the time step t=2, the
recurrent neural network unit 320 is shown to include respective recurrent neural network
units 322 and 324; likewise, at the time step t=N, the recurrent neural network unit 330 is
shown to include respective recurrent neural network units 332 and 334. However, it should
be understood that the neural network unit at each time step can be the same neural network
unit and the neural network unit is shown at each time step for the purpose of illustration
only.
[0031] In some implementations, the recurrent neural network unit can be Gated
Recurrent Unit (GRU). At the time step t, the GRU computes the state h; at the time step
by linearly interpolating the state h,_, of the previous time step and the current updated
state h, as shown in equation (2):

he=(—z¢)%he—y + 2 5 hy @
where z, represents an update gate for determining how much historical information
should be kept and how much new information should be added and * denotes element-wise
multiplication.
[0032]  The updated current state i, can be computed by combining the input vector at

the time step and the state at the previous time step as shown in equation (3):
ht = tanh(Widy + ry + (Uphe—1) + bp) ()
where 1, represents a reset gate for controlling how many historical states should be used

to update the new state and W, U,, and b; denote parameter matrices and vectors.
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[0033] The update gate z, and the reset gate r, can be computed through equation (4):
ry = o(Wedy + Uphyy + by)
zp = o{(Wody + Uzhypoq + b2)

where o(+) indicates an activation function and W,, U,, b,., W,, U,, and b, denote
parameter matrices and vectors.
[0034] At each time step, the latent vector for the time step can be obtained via the GRU.
In order to obtain historical and future information for the data, the latent vectors in both
directions can be concatenated to build a bidirectional encoded vector h; as an output of
the convolutional neural network 230 according to equation (5):

T = GRU(d;),i € [1,1]

hi = GRU(d;), i € [L,1] (5)

hi = [ﬁ; ”(E]
[0035]  Although the bidirectional recurrent neural network is introduced above with
reference to Figs. 2 and 3, it should be appreciated that implementations of the present
disclosure also can be applied in a uni-directional recurrent neural network. For example,
the reverse recurrent neural network unit can be omitted and the latent state of each time
step is provided for the subsequent neural network layers. Alternatively, the latent state at
the last time step is provided for the subsequent neural network. Accordingly, the attention
layer 240, which will be subsequently described in details, can be omitted in this
implementation.
[0036] In some implementations, as shown in Fig. 2, the attention layer 240 can
determine the weights of data items provided by a plurality of outputs of the recurrent neural
network 230 and weight the corresponding data items using these weights. For example,
more recent data may have a big influence over the prediction result while the less recent
data may have a small influence over the prediction result. The data item provided by the
output of the recurrent neural network 230 can be the bidirectional encoded vector h; as
mentioned above. The attention layer 240 considers the factor that the importance of the
information varies for the trend determination at the respective time step. By means of the
attention layer 240, the vector representation (vector V) of the time series data can be

calculated via the equation (6):
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o; = sigmoid(Wyh; + by,)
_ exp({Bio;)
2j explbjo)) (6)

where W, and b, represent parameter matrix and vector, 6; denotes parameters at each
time step in the soffmax layer indicating which time step is more important; o; indicates
the latent representation of the bidirectional encoded vector h;. By combining 6; and o;
through the soffmax layer, the attention vector [ is acquired to weight the outputs of different
time. Accordingly, the attention vector 3 is employed to weight the bidirectional encoded
vector h; to compute the vector representation V of the time series data for subsequent
classification. As the vector representation V is a weighted value of the bidirectional
encoded vector h;, the vector representation V can have the same dimension as the latent
state of the recurrent neural network. The dimension can be pre-specified.

[0037] The discriminative network 260 can be a classifier of Multi-Layer Perceptron
(MLP), which receives the vector V as the input and outputs the classification result. The
classification result can include a probability that the object is associated with the predefined
label. For example, the label with the maximum probability can be output as the
classification result.

[0038] In the training process, the training difficulty varies for different training data.
For example, some training data lacks sufficient information and the training of such
training data can be quite challenging. In some implementations, some challenging training
data can be skipped and the training data which can be easily trained is selected and the
challenging training data can be progressively added to the training process. For example,
the neural network 200 can be trained using the self-paced learning, which can automatically
choose the suitable training samples for different training phases, so as to enhance the model
performance.

[0039] The self-paced learning process is introduced below with reference to several
mathematical expressions. However, it should be understood that these mathematical
expressions are provided as examples only, which enables those skilled in the art to better
understand and implement implementations of the present disclosure without limiting the
scope of the present disclosure. In some implementations, given a training set

D = (x;,y;)}_,, where x; € R™ denotes all inputs in the i-th sample and y; represents
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a corresponding trend label. L(y;, g(x;, w)) represents the loss function between the label
y; and the output g(x;, w) of the entire model. An importance weight v; can be assigned
to each sample x; in the training set.

[0040] In some implementations, the goal of the self-paced learning is to jointly learn the

model parameter w and the latent weight v = [v,,..., v,] via the equation (7):

n

Lmin Ew,n,2) = ) wil(glaw) +Fid) (7)

i=1
where E{w, v, A) represents an objective function, f(v;A) denotes a regularization term
for self-paced learning (or known as penalty), which controls the learning solution for
penalizing the latent weight variables and A is a hyper-parameter that controls the pace at
which the model learns new samples. For example, the regularization term  f(v; 1) can be

computed using the equation (8):

n

De 21502 - g0
fws) =522, (f ~200) @

j=1
[0041] In some implementations, Alternative Convex Search (ACS) can be used to solve
equation (7). ACS divides the variables into two disjoint blocks. In each iteration, a block
of variables is optimized while the other block is fixed. With the fixed w, the unconstrained

solution for the linear regularization term (8) can be computed by the equation (9):
1
—=L+1 <A

v, = argmingE(w”, v, Ay = ¢ A 9)
¢ Lx>A

-

where v, denotes the i-th element in the iterated optimal solution, and [; denotes the loss
for each element L(y;, g(x;,w)). The latent weight for samples that are different to what
model has already learned will receive a linear penalty.

[0042] Insomeimplementations, it is required that the self-paced learning inputs the data
set D, the linear regularizer f and the self-paced step p with the expectation of obtaining the

model parameter w. In the initialization procedure, v; can be initialized evenly and w*
and v* can be iteratively updated in accordance with w™* = argmin., E(w,v", 1) and
v = argmin@.E(w*, 0, }L). In each iteration, A, if being too small, can be increased
based on the step p. Finally, w* can be output as the trained model parameter. As the
training progresses and 4 increases, samples with larger loss will be gradually incorporated,

thereby realizing the effective and efficient learning.

[0043] Fig. 4 is a flowchart illustrating a method 400 for predicting the trend in

10
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accordance with some implementations of the present disclosure. The method 400 can be
implemented by the computing device 100 or the predicting module 122 shown by Fig. 1.
The concepts introduced above with reference to Figs. 2 and 3, alone or in combination, can
be applied into the method 400. At 402, time series data associated with an object is obtained.
[0044]  At404, a vector representation of the time series data is computed with a recurrent
neural network. In some implementations, computing the vector representation of the time
series data includes: segmenting the time series data into a plurality of portions
corresponding to a plurality of inputs of the recurrent neural network, a respective portion
of the plurality of portions comprising data items from a plurality of sources; and
determining the vector representation of the time series data based on relationship of
importance between the data items in the respective portion. For example, the vector
representation of the time series data can be determined by for the respective portion of the
plurality of portions: determining weights of the data items in the respective portion;
weighting the data items in the respective portion with the weights to determine the weighted
data items associated with the respective portion; and providing the weighted data items to
an input of the plurality of inputs associated with the respective portion.

[0045] In some implementations, computing the vector representation of the time series
data includes: segmenting the time series data into a plurality of portions corresponding to
a plurality of inputs of the recurrent neural network; and determining the vector
representation of the time series data based on relationship of importance between the
plurality of portions. For example, the recurrent neural network can be a bidirectional
recurrent neural network, which also includes a plurality of outputs corresponding to a
plurality of inputs. Determining the vector representation of the time series data includes
determining weights of a plurality of data items provided by the plurality of outputs; and
weighting the plurality of data items with the weights to determine the vector representation
of the time series data.

[0046] At 406, a probability that the object is associated with a predefined label is
determined based on the vector representation of the time series data. The label indicates a
class of a trend in which the object varies over time. In this way, the prediction problem can
be transformed into a classification problem.

[0047] At 408, aprediction for the trend in which the object varies over time is generated
based on the probability. For example, if the probability associated with a certain label
exceeds a predetermined threshold, it is considered that the trend of the object is identical

to the label.
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[0048] Fig. 5 is a flowchart illustrating a method 500 for training a neural network in
accordance with some implementations of the present disclosure. The method 500 can be
implemented by the computing device 100 or the predicting module 122 shown by Fig. 1.
The concepts introduced above with reference to Figs. 2 and 3, alone or in combination, can
be applied into the method 500.

[0049] At 502, the time series data associated with an object and a predefined label for
the object are obtained. The label can indicate a class of a trend in which the object varies
over time.

[0050] At 504, the recurrent neural network for predicting the trend in which the object
varies over time is updated based on the time series data and the label. The updating
comprises computing a vector representation of the time series data with the recurrent neural
network; and determining, based on the vector representation of the time series data, a
probability that the object is associated with the label.

[0051] In some implementations, computing the vector representation of the time series
data comprises: segmenting the time series data into a plurality of portions corresponding
to a plurality of inputs of the recurrent neural network, a respective portion of the plurality
of portions comprising data items from a plurality of sources; and determining the vector
representation of the time series data based on relationship of importance between the data
items in the respective portion.

[0052] In some implementations, determining, based on the relationship of importance,
the vector representation of the time series data comprises: for the respective portion of the
plurality of portions: determining weights of the data items in the respective portion;
weighting the data items in the respective portion with the weights to determine the weighted
data items associated with the respective portion; and providing the weighted data items to
an input of the plurality of inputs associated with the respective portion.

[0053] In some implementations, computing the vector representation of the time series
data comprises: segmenting the time series data into a plurality of portions corresponding
to a plurality of inputs of the recurrent neural network; and determining the vector
representation of the time series data based on relationship of importance between the
plurality of portions.

[0054] In some implementations, the recurrent neural network comprises a bidirectional
recurrent neural network and the bidirectional recurrent neural network further comprises a
plurality of outputs corresponding to the plurality of inputs, and wherein determining the

vector representation of the time series data comprises: determining weights of a plurality
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of data items provided by the plurality of outputs; and weighting the plurality of data items
with the weights to determine the vector representation of the time series data.

[0055] In some implementations, updating the recurrent neural network comprises
updating the recurrent neural network through self-paced learning.

[0056] Some example implementations of the present disclosure are listed below.
[0057] In accordance with some implementations, there is provided a computer-
implemented method. The method comprises: The method comprises obtaining time series
data associated with an object; computing a vector representation of the time series data
with a recurrent neural network; determining, based on the vector representation of the times
series data, a probability that the object is associated with a predefined label, wherein the
label indicates a class of a trend in which the object varies over time; and generating, based
on the probability, a prediction for the trend in which the object varies over time.

[0058] In some implementations, computing the vector representation of the time series
data comprises: segmenting the time series data into a plurality of portions corresponding
to a plurality of inputs of the recurrent neural network, a respective portion of the plurality
of portions comprising data items from a plurality of sources; and determining the vector
representation of the time series data based on relationship of importance between the data
items in the respective portion.

[0059] In some implementations, determining the vector representation of the time series
data based on the relationship of importance comprises: for the respective portion of the
plurality of portions: determining weights of the data items in the respective portion;
weighting the data items in the respective portion with the weights to determine the weighted
data items associated with the respective portion; and providing the weighted data items to
an input of the plurality of inputs associated with the respective portion.

[0060] In some implementations, computing the vector representation of the time series
data comprises: segmenting the time series data into a plurality of portions corresponding
to a plurality of inputs of the recurrent neural network; and determining the vector
representation of the time series data based on relationship of importance between the
plurality of portions.

[0061] In some implementations, the recurrent neural network comprises a bidirectional
recurrent neural network and the bidirectional recurrent neural network further comprises a
plurality of outputs corresponding to the plurality of inputs, and wherein determining the
vector representation of the time series data comprises: determining weights of a plurality

of data items provided by the plurality of outputs; and weighting the plurality of data items

13



10

15

20

25

30

WO 2020/005599 PCT/US2019/037408

with the weights to determine the vector representation of the time series data.

[0062] In accordance with some implementations, there is provided a computer-
implemented method. The method comprises obtaining time series data associated with an
object and a predefined label for the object, the label indicating a class of a trend that the
object varies over time; and updating, based on the time series data and the label, a recurrent
neural network for predicting the trend in which the object varies over time, the updating
comprising: computing a vector representation of the time series data with the recurrent
neural network; and determining, based on the vector representation of the time series data,
a probability that the object is associated with the label.

[0063] In some implementations, computing the vector representation of the time series
data comprises: segmenting the time series data into a plurality of portions corresponding
to a plurality of inputs of the recurrent neural network, a respective portion of the plurality
of portions comprising data items from a plurality of sources; and determining the vector
representation of the time series data based on relationship of importance between the data
items in the respective portion.

[0064] In some implementations, determining, based on the relationship of importance,
the vector representation of the time series data comprises: for the respective portion of the
plurality of portions: determining weights of the data items in the respective portion;
weighting the data items in the respective portion with the weights to determine the weighted
data items associated with the respective portion; and providing the weighted data items to
an input of the plurality of inputs associated with the respective portion.

[0065] In some implementations, computing the vector representation of the time series
data comprises: segmenting the time series data into a plurality of portions corresponding
to a plurality of inputs of the recurrent neural network; and determining the vector
representation of the time series data based on relationship of importance between the
plurality of portions.

[0066] In some implementations, the recurrent neural network comprises a bidirectional
recurrent neural network and the bidirectional recurrent neural network further comprises a
plurality of outputs corresponding to the plurality of inputs, and wherein determining the
vector representation of the time series data comprises: determining weights of a plurality
of data items provided by the plurality of outputs; and weighting the plurality of data items
with the weights to determine the vector representation of the time series data.

[0067] In some implementations, updating the recurrent neural network comprises

updating the recurrent neural network through self-paced learning.
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[0068] In accordance with some implementations, there is provided a device. The device
comprises: a processing unit; and a memory coupled to the processing unit and comprising
instructions stored thereon, the instructions, when executed by the processing unit, causing
the device to perform acts comprising: obtaining time series data associated with an object;
computing a vector representation of the time series data with a recurrent neural network;
determining, based on the vector representation of the times series data, a probability that
the object is associated with a predefined label, wherein the label indicates a class of a trend
in which the object varies over time; and generating, based on the probability, a prediction
for the trend in which the object varies over time.

[0069] In some implementations, computing the vector representation of the time series
data comprises: segmenting the time series data into a plurality of portions corresponding
to a plurality of inputs of the recurrent neural network, a respective portion of the plurality
of portions comprising data items from a plurality of sources; and determining the vector
representation of the time series data based on relationship of importance between the data
items in the respective portion.

[0070] In some implementations, determining the vector representation of the time series
data based on the relationship of importance comprises: for the respective portion of the
plurality of portions: determining weights of the data items in the respective portion;
weighting the data items in the respective portion with the weights to determine the weighted
data items associated with the respective portion; and providing the weighted data items to
an input of the plurality of inputs associated with the respective portion.

[0071] In some implementations, computing the vector representation of the time series
data comprises: segmenting the time series data into a plurality of portions corresponding
to a plurality of inputs of the recurrent neural network; and determining the vector
representation of the time series data based on relationship of importance between the
plurality of portions.

[0072] In some implementations, the recurrent neural network comprises a bidirectional
recurrent neural network and the bidirectional recurrent neural network further comprises a
plurality of outputs corresponding to the plurality of inputs, and wherein determining the
vector representation of the time series data comprises: determining weights of a plurality
of data items provided by the plurality of outputs; and weighting the plurality of data items
with the weights to determine the vector representation of the time series data.

[0073] In accordance with some implementations, there is provided a device. The device

comprises: a processing unit; and a memory coupled to the processing unit and comprising
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instructions stored thereon, the instructions, when executed by the processing unit, causing
the device to perform acts comprising: obtaining time series data associated with an object
and a predefined label for the object, the label indicating a class of a trend that the object
varies over time; and updating, based on the time series data and the label, a recurrent neural
network for predicting the trend in which the object varies over time, the updating
comprising: computing a vector representation of the time series data with the recurrent
neural network; and determining, based on the vector representation of the time series data,
a probability that the object is associated with the label.

[0074] In some implementations, computing the vector representation of the time series
data comprises: segmenting the time series data into a plurality of portions corresponding
to a plurality of inputs of the recurrent neural network, a respective portion of the plurality
of portions comprising data items from a plurality of sources; and determining the vector
representation of the time series data based on relationship of importance between the data
items in the respective portion.

[0075] In some implementations, determining, based on the relationship of importance,
the vector representation of the time series data comprises: for the respective portion of the
plurality of portions: determining weights of the data items in the respective portion;
weighting the data items in the respective portion with the weights to determine the weighted
data items associated with the respective portion; and providing the weighted data items to
an input of the plurality of inputs associated with the respective portion.

[0076] In some implementations, computing the vector representation of the time series
data comprises: segmenting the time series data into a plurality of portions corresponding
to a plurality of inputs of the recurrent neural network; and determining the vector
representation of the time series data based on relationship of importance between the
plurality of portions.

[0077] In some implementations, the recurrent neural network comprises a bidirectional
recurrent neural network and the bidirectional recurrent neural network further comprises a
plurality of outputs corresponding to the plurality of inputs, and wherein determining the
vector representation of the time series data comprises: determining weights of a plurality
of data items provided by the plurality of outputs; and weighting the plurality of data items
with the weights to determine the vector representation of the time series data.

[0078] In some implementations, updating the recurrent neural network comprises
updating the recurrent neural network through self-paced learning.

[0079] In accordance with some implementations, there is provided a computer program

16



10

15

20

25

30

WO 2020/005599 PCT/US2019/037408

product comprising instructions stored tangibly on a computer-readable medium, the
instructions, when executed by a machine, causing the machine to execute the method
described above.

[0080] The functionality described herein can be performed, at least in part, by one or
more hardware logic components. For example, and without limitation, illustrative types of
hardware logic components that can be used include Field-Programmable Gate Arrays
(FPGASs), Application-specific Integrated Circuits (ASICs), Application-specific Standard
Products (ASSPs), System-on-a-chip systems (SOCs), Complex Programmable Logic
Devices (CPLDs), and the like. Additionally, the functions described above herein can be
at least partially executed by a Graphical Processing Unit (GPU).

[0081] Program code for carrying out methods of the present disclosure may be written
in any combination of one or more programming languages. These program codes may be
provided to a processor or controller of a general purpose computer, special purpose
computer, or other programmable data processing apparatus, such that the program codes,
when executed by the processor or controller, cause the functions/operations specified in
the flowcharts and/or block diagrams to be implemented. The program code may execute
entirely on a machine, partly on the machine, as a stand-alone software package, partly on
the machine and partly on a remote machine or entirely on the remote machine or server.
[0082] Inthe context of this disclosure, a machine readable medium may be any tangible
medium that may contain, or store a program for use by or in connection with an instruction
execution system, apparatus, or device. The machine readable medium may be a machine
readable signal medium or a machine readable storage medium. A machine readable
medium may include but not limited to an electronic, magnetic, optical, electromagnetic,
infrared, or semiconductor system, apparatus, or device, or any suitable combination of the
foregoing. More specific examples of the machine readable storage medium would include
an electrical connection having one or more wires, a portable computer diskette, a hard disk,
a random access memory (RAM), a read-only memory (ROM), an erasable programmable
read-only memory (EPROM or Flash memory), an optical fiber, a portable compact disc
read-only memory (CD-ROM), an optical storage device, a magnetic storage device, or any
suitable combination of the foregoing.

[0083] Further, although operations are depicted in a particular order, it should be
understood that the operations are required to be executed in the shown particular order or
in a sequential order, or all shown operations are required to be executed to achieve the

expected results. In certain circumstances, multitasking and parallel processing may be
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advantageous. Likewise, while several specific implementation details are contained in the
above discussions, these should not be construed as limitations on the scope of the subject
matter described herein. Certain features that are described in the context of separate
implementations may also be implemented in combination in a single implementation.
Conversely, various features that are described in the context of a single implementation
may also be implemented in multiple implementations separately or in any suitable sub-
combination.

[0084]  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 specified
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.
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CLAIMS
1. A computer-implemented method, comprising:
obtaining time series data associated with an object;
computing a vector representation of the time series data with a recurrent neural
network;
determining, based on the vector representation of the times series data, a probability
that the object is associated with a predefined label, wherein the label indicates a class of a
trend in which the object varies over time; and
generating, based on the probability, a prediction for the trend in which the object
varies over time.
2. The method of claim 1, wherein computing the vector representation of the
time series data comprises:
segmenting the time series data into a plurality of portions corresponding to a
plurality of inputs of the recurrent neural network, a respective portion of the plurality of
portions comprising data items from a plurality of sources; and
determining the vector representation of the time series data based on relationship of
importance between the data items in the respective portion.
3. The method of claim 2, wherein determining the vector representation of the
time series data based on the relationship of importance comprises:
for the respective portion of the plurality of portions:
determining weights of the data items in the respective portion;
weighting the data items in the respective portion with the weights to determine
the weighted data items associated with the respective portion; and
providing the weighted data items to an input of the plurality of inputs
associated with the respective portion.
4. The method of claim 1, wherein computing the vector representation of the
time series data comprises:
segmenting the time series data into a plurality of portions corresponding to a
plurality of inputs of the recurrent neural network; and
determining the vector representation of the time series data based on relationship of
importance between the plurality of portions.
5. The method of claim 4, wherein the recurrent neural network comprises a
bidirectional recurrent neural network and the bidirectional recurrent neural network further

comprises a plurality of outputs corresponding to the plurality of inputs, and wherein
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determining the vector representation of the time series data comprises:
determining weights of a plurality of data items provided by the plurality of outputs;
and
weighting the plurality of data items with the weights to determine the vector
representation of the time series data.
6. A computer-implemented method, comprising:
obtaining time series data associated with an object and a predefined label for the
object, the label indicating a class of a trend that the object varies over time; and
updating, based on the time series data and the label, a recurrent neural network for
predicting the trend in which the object varies over time, the updating comprising:
computing a vector representation of the time series data with the recurrent
neural network; and
determining, based on the vector representation of the time series data, a
probability that the object is associated with the label.
7. The method of claim 6, wherein computing the vector representation of the
time series data comprises:
segmenting the time series data into a plurality of portions corresponding to a
plurality of inputs of the recurrent neural network, a respective portion of the plurality of
portions comprising data items from a plurality of sources; and
determining the vector representation of the time series data based on relationship of
importance between the data items in the respective portion.
8. The method of claim 7, wherein determining, based on the relationship of
importance, the vector representation of the time series data comprises:
for the respective portion of the plurality of portions:
determining weights of the data items in the respective portion;
weighting the data items in the respective portion with the weights to determine
the weighted data items associated with the respective portion; and
providing the weighted data items to an input of the plurality of inputs
associated with the respective portion.
9. The method of claim 6, wherein computing the vector representation of the
time series data comprises:
segmenting the time series data into a plurality of portions corresponding to a
plurality of inputs of the recurrent neural network; and

determining the vector representation of the time series data based on relationship of
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importance between the plurality of portions.

10. The method of claim 9, wherein the recurrent neural network comprises a
bidirectional recurrent neural network and the bidirectional recurrent neural network further
comprises a plurality of outputs corresponding to the plurality of inputs, and wherein
determining the vector representation of the time series data comprises:

determining weights of a plurality of data items provided by the plurality of outputs;
and

weighting the plurality of data items with the weights to determine the vector
representation of the time series data.

11. The method of claim 6, wherein updating the recurrent neural network
comprises updating the recurrent neural network through self-paced learning.

12. A device, comprising:

a processing unit; and

a memory coupled to the processing unit and comprising instructions stored thereon,
the instructions, when executed by the processing unit, causing the device to perform acts
comprising:

obtaining time series data associated with an object and a predefined label for
the object, the label indicating a class of a trend in which the object varies over time; and
updating, based on the time series data and the label, a recurrent neural network
for predicting the trend in which the object varies over time, the updating comprising:
computing a vector representation of the time series data with the
recurrent neural network; and
determining, based on the vector representation of the time series data,
a probability that the object is associated with the label.

13.  The device of claim 12, wherein computing the vector representation of the
time series data comprises:

segmenting the time series data into a plurality of portions corresponding to a
plurality of inputs of the recurrent neural network, a respective portion of the plurality of
portions comprising data items from a plurality of sources; and

determining the vector representation of the time series data based on relationship of
importance between the data items in the respective portion.

14. The device of claim 12, wherein computing the vector representation of the
time series data comprises:

segmenting the time series data into a plurality of portions corresponding to a
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plurality of inputs of the recurrent neural network; and

determining the vector representation of the time series data based on relationship of
importance between the plurality of portions.

15. The device of claim 12, wherein updating the recurrent neural network

comprises updating the recurrent neural network through self-paced learning.
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