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ADVERSARIAL MULTEBINARY NEURAL NETWORK FOR MULTE-CLASS
CLASSIFICATION

TECHNICAL FIELD

[0001] The present disclosure relates to artificial intelligence (Al) systems and methods for
classifying a set of objects, and more particularly to, Al systems and methods for multi-class
classification using adversary multi-binary neural networks,

BACKGROUND
(00021 Text classification technigues have gained increasing popularity in many applications.
For example, a transportation service platform may use a text classification system to detect
safety 1ssues based on communications between users and custom service.
[0003] Text classification can be performed using a natural language processing (NLP)
method, 11 which labels are assigned to a given text object such as a word, sentence, or
paragraph. NLP has been used n broad applications ranging from sentiment classification to
topic labeling. Traditional text classification methods design a set of hand-crafted expert
features, and then use appropriate machine learning classifiers to classify text objects. Recent
methods mainly focus on deep learning, using models such as convolutional neural networks
{CNNs) and recurrent neural networks {RNNs) to automatically learn text representations and
integrating text representation learning and classification into a unified framework to accomplish
more accurate classification results.
[0004] Multi-class classification classifies objects into multiple classes (e.g., assigning
multiple labels), and faces additional challenges such as distinguishing features that are specific
to each class and features that are shared by multiple classes. The latter tends to mislead the
multi-class classifier to produce tnaccurate classification results. Existing methods lack
sufficient measures to account for the adverse effect associated with such shared features.
(00057  Embodiments of the disclosure address the above problem by providing improved
artificial intelligence systems and methods for multi-class classification using adversary multi-
binary neural networks.

SUMMARY
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[0006] In one aspect, embodiments of the disclosure provide a multi-class classification
system. The system includes at least one processor and at least one non-transitory memory
storing instructions that, when executed by the at least one processor, cause the system to
perform operations. The operations include applying a multi-class classifier to classify a set of
objects into multiple classes and applying a plurality of binary classifiers to the set of abjects.
The plurality of binary classifiers are decomposed from the multi-class classifier, each binary
classifier classifying the set of the objects into a first group consisting of one or more classes
selected from the multiple classes and a second group consisting of one or more remaining
classes of the multiple classes. The operations also include jointly classifying the set of objects
using the multi-class classifier and the plurality of binary classifiers.

[0007] Inanother aspect, embodiments of the disclosure also provide a multi-class
classification method. The method includes applying a multi~class classifier to classify a set of
objects into multiple classes and applying a plurality of binary classitiers to the set of objects,
wherein the plurality of binary classifiers are decomposed from the multi-class classifier, each
binary classifier classifying the set of the objects into a first group consisting of one or more
classes selected from the multiple classes and a second group consisting of one or more
remaining classes of the multiple classes. The method further includes jointly classifying the set
of objects using the multi-class classifier and the plurality of binary classifiers.

[0008]  In a further aspect, embodiments of the disclosure further provide a non-transitory
computer-readable medium having instructions stored thereon that, when executed by at least
one processor, causes the processor to perform a method for classifying a set of objects. The
method includes applying a multi-class classifier to classify the set of objects into multiple
classes and applying a plurality of binary classifiers to the set of objects. The plurality of binary
classifiers are decomposed from the multi-class classifier, each binary classifier classifying the
set of the objects into a first group consisting of one or more classes selected from the multiple
classes and a second group consisting of one or more remaining classes of the multiple classes.
The method further includes jointly classifving the set of objects using the multi-class classifier
and the plurality of binary classifiers.

[0009]  It1s to be understood that both the foregoing general description and the following
detailed description are exemplary and explanatory only and are not restrictive of the invention,

as claimed.
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BRIEF BESCRIPTION OF THE BRAWINGS
[0010]  FIG. 1 illustrates a schematic diagram of an exemplary system for classifying a set of
objects, according to embodiments of the disclosure.
[0011]  FIG. 2 illustrates a schematic diagram of an exemplary implementation of the system
shown m FIG. 1, according to embodiments of the disclosure.
[0012] FIG. 3 illustrates a flowchart of an exemplary method for classifying a set of objects,
according to embodiments of the disclosure.

DETAILED DESCRIPTION

[0013] Reference will now be made in detail to the exemplary embodiments, examples of
which are illustrated in the accompanying drawings. Wherever possible, the same reference
numbers will be used throughout the drawings to refer to the same or like parts.
[0014] FIG. 1 dlustrates a block diagram of an exemplary system 100 for classifying a set of
objects, according to erabodiments of the disclosure. In some embodiments, the set of objects
may be textual objects, such as sentences, words, etc. For example, system 100 may be used to
classify comments and/or reviews {e.g., movie reviews, online forum communications, recorded
customer service dialogues). Consistent with the present disclosure, system 100 may receive text
objects 103 from a database or repository 110 (e.g., a database storing recorded customer service
dialogues, a text repository containing online chat records, etc.}. In some embodiments, text
objects 103 may also be collected from terminal devices, such as a termmnal device 120, For
example, terminal device 120 may be a mobile phone, a desktop computer, a laptop, a PDA, a
robot, a kiosk, etc. Terminal device 120 may mnclude a user interaction interface configured to
receive text objects 103 provided by a user 130, In some embodiments, terminal device 120 may
include a keyboard, physical or virtual, for user 130 to type in text objects 103, Terminal device
120 may additionally or alternatively include a touch screen for user 130 to handwrite text
objects 103. Accordingly, terminal device 120 may record user comments and/or reviews as text
objects 103. If the input is handwriting, terminal device 120 may automatically recognize the
handwriting and convert it to text information. In some embodiments, terminal device 120 may
include a microphone, for recording audio input provided by user 130, Terminal device 120 may
automatically transcribe the recorded audio data into text. In some embodiments, system 100

may receive text objects 103 in the original format as captured by terminal device 120, and

)
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conversion from the original format to text format, such as handwriting recognition and/or audio
transcription, may be performed by system 100.

[0015] Insome embodiments, as shown in FIG. 1, system 100 may include a communication
mterface 102, at least one processor, such as processor 104, at least one memory, such as
memory 106, and at least one storage, such as storage 108, In some embodiments, system 100
may have different modules in a single device, such as an integrated circuit (IC) chip (e g,
unplemented as an application-specific integrated circuit (ASIC) or a field-programmable gate
array (FPGA)), or separate devices with dedicated functions. In some embodiments, one or more
components of system 100 may be located in a cloud computing environment or may be
alternatively 1n a single location (such as inside a mobile device) or distributed locations.
Components of system 100 may be in an mtegrated device or distributed at different locations
but communicate with each other through a network (not shown). Consistent with the president
disclosure, system 100 may be configured to automatically classify text objects 103 into multiple
classes using an adversary multi-bimary neural network that performs classification jointly using
a multi-class classifier and multiple binary classifiers.

[0016]  Commumcation mterface 102 may send data to and receive data from components
such as terminal device 120 via communication cables, a Wireless Local Area Network
{(WLAN), a Wide Area Network (WAN]}, wireless networks such as radio waves, a cellular

™y or other

network, and/or a local or short-range wireless network (e.g., Bluetooth
communication methods. In some embodiments, communication interface 102 may include an
mtegrated services digital network (ISDN} card, cable modem, satellite modem, or 3 modem to
provide a data communication connection. As another example, communication interface 102
may include a local area network {(LAN) card to provide a data communication connection to a
compatible LAN. Wireless links can also be implemented by communication interface 102, In
such an implementation, communication interface 102 can send and receive electrical,
electromagnetic or optical signals that carry digital data streams representing various types of
mformation.

[0017] Consistent with some embodiments, communication interface 102 may receive data
such as text objects 103 from database 110 and/or terminal device 120, Text objects 103 may be
received in text format or in other formats as acquired by terminal device 120, such as audio or

handwriting formats. Text objects 103 may include one sentence or multiple sentences that
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describe a theme (e.g., a movie review, a product comment, a question/answer, or
communications associated with a service) and/or user experience. For example, user 130 may
describe her feeling as “I am having a great time watching this movie, a must see!”
Communication interface 102 may further provide the received data to memory 106 and/or
storage 108 for storage or to processor 104 for processing.

[0018] Processor 104 may include any appropriate type of general-purpose or special-purpose
microprocessor, digital signal processor, or microcontroller. Processor 104 may be configured as
a separate processor module dedicated to classifving text objects 103, Alternatively, processor
104 may be configured as a shared processor module for performing other functions unrelated to
classtfication.

[0019]  Asshown in FIG. 1, processor 104 may include multiple modules, such as a multi-
class classification umit 140, a multi-binary classification unit 142, a classifier optimization unit
144, a classification unit 146, and the like. These modules {and any corresponding sub-modules
or sub-units) can be hardware units (e.g., portions of an integrated circuit} of processor 104
designed for use with other components or software units implemented by processor 104 through
executing at feast part of a program. The program may be stored on a computer-readable
medium, and when executed by processor 104, it may perform one or more functions. Although
FIG. 1 shows units 140-146 all within one processor 104, it 1s contemplated that these units may
be distributed among multiple processors located closely or remotely with each other.

(00201 Insome embodiments, units 140-146 execute a computer program to apply an
adversary multi-binary neural network to automatically classify text objects 103, For example,
FIG. 2 illustrates a schematic diagram of an adversary multi-binary neural network 200 for
classifying a set of objects, such as text objects 103, according to embodiments of the disclosure.
In some embodiments, adversary multi-binary neural network 200 may include several layers,
such as an encoder layer 210, an attention layer 220 and a classifier layer 230. FIG. 2 will be
described together with units 140-146.

[0021] Insome embodiments, when text objects 103 contains multiple units, such as words,
sentences, etc., text objects 103 may be divided according to these units, such as different
sentences. For example, as shown in FIG. 2, a text (e.g,, text objects 103} may be divided into
sentences 81, 82 ... S, if the text has » sentences. S is the sentence vector of the ith sentence. In

some embodiments, if the given text is a sentence that includes multiple words, the sentence may
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be divided into Sy, S» ... Su words if the text has n words. In those embodiments, 8; would be the
word vector of the ith word. Multi-class classification unit 140 may apply a multi-class classifier
for classifying text objects 103 into multiple classes. For example, multi-class classification unit
140 may represent the multiple classes with a label vector y= { w1, y» ... ¥u}, where m is the
number of classes. For example, y1 may be a label representing a first rating of a movie {e.g.,
one star), y» may be a label representing a second rating of a movie {e.g., two stars}, etc.

[0022] In some embodiments, multiple binary classifiers may be used to enhance the
classification accuracy of the classification result. For example, multi-binary classification unit
142 may mclude multiple binary classifiers that are decomposed from the multi~class classifier
provided by multi~class classification unit 140, In this way, the multi-class classification task
may be divided into & binary subtasks. For example, a one v. rest (OVR) strategy may be used to
decompose the multi-class classifier. In the jth binary classifier, the multiple classes y= {yi, v2 ..
ym} may be divided into two (binary) classes by multiplying a vector y= {37/, 3/ ... vl }, W=1
only if yi is included in the subtask j split, and yi=0 if otherwise. For instance, an exemplary sphit
may be represented as class 1. {vi, vz ... ypt and class 20 {yp+1, p=o ... ¥m}. In another example,
class 1 may be {1} and class 2 may be {7 ... yu}.

[0023] Insome embodiments, multi-binary classification umit 142 may include encoders to
{earn specific contextual information from the mput text. As shown in FIG. 2, encoder layer 210
may be configured to learn the specific contextual information from 8y, Sz ... Sp. For example,
multi-binary classification unit 142 may determine word/sentence representations by assigning a
separate bidirectional long short memory (BiLSTM) to each binary task and learn the specific
contextual information of each binary task. In some embodiments, a bi-directional learning
model may be used to generate the word/sentence representations. Bi-directional LSTM model
is a type of recurrent neural network (RNN} and may process data sequentially and keep 1ts
hidden state through time. Unlike word/sentence vectors that contain meanings and features of
the individual words/sentences, word/sentence representations additionally provide context
information of the words/sentences, 1.e., information of the entire sentence the words are in or
nformation of the entire passage the sentences are in.

[0024] Insome embodiments, the BiILSTM model may include two sets of LSTM cells,
designed to let data flow in two different directions. For example, one set of LSTM cells process

word/sentences vectors in the order of vi, v2, v3, vd, v3, and v6 so that data tlows in the
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“forward” direction. Another set of LSTM cells process these word/sentence vectors in the order
of v6, v5, vd, v3, v2, and v1 so that data flows in the “backward” direction. Within each set, the
multiple LSTM cells are connected sequentially with each other. In some embodiments, the two
sets of LSTM cells are mternally connected to provide additional data flow. By using a bi-
directional model, multi-binary classification unit 142 may obtain word/sentence representations
that contain rich “bi-directional” (forward and backward) context information of the
words/sentences.

(00251  Insome embodiments, multi-binary classification unit 142 may further use & private
attention A, to capture class-specific word/sentence representation ¢ and may use a shared
attention layer Aty to obtain class-agnostic word/sentence representation v for all subtasks.
Class-agnostic representations may contain feature(s) that are shared by all classes, and therefore
should not be relied upon to in the multi-class classification process. These shared feature(s)
may muslead multi-class classification unut 140 to generate mnaccurate classification results. By
capturing and taking mto account the class-agnostic information, the multi-class classification
process can be reinforced.

[0026]  As shown in FIG 2, attention layer 220 may include & private attention Aitsjand a
shared attention 44t

{00271 In some embodiments, the class-agnostic representation v and the class-specific

representation ¢ may be calculated as:

W= BILSTMy{s i e {linhje Lk (D

= At (R e {ln) e {Lk} (2)

where 4/ is the subtask 5 is assigned into.

[0028]  Classifier optimization umit 144 may optimize the multi-class classifier {(e.g.,
implemented by umit 140} using classification results of the multiple binary classifiers (e.g.,
implemented by unit 142}, In some embodiments, an adversarial training may be applied to
learn the class-agnostic representation v, In some embodiments, the learned class-agnostic
representations together with the class-specific representations generated from each binary
classifier may be fed into the multi-class classifier to optimize the multi-class classification
process. In some embodiments, classifier optimization unit 144 may define a task discrimmator

3 as shown in FIG 2. Task discriminator /) may be used to get the type label of the subtask by

7
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calculating a shared representation and adversarial loss for multi-class classification. This may
prevent the class-specific representation from creeping into a shared space created by shared
representations. In some embodiments, task discrimiator /7 and the adversarial loss L, may be

calculated as:

¥ i) — omftraarf B ef L et == £1 BV 4y
ety = sofbmaniWas® g s e {10 ()

i

:
Hasde

BN B B O S AN o
Flog{ {111} (3

where Wys and bg are parameters that may be trained during the model training and di is the
parameter denotes the task type label. In some embodiments, subtask discriminator I may be
used 1o correct the classification on the task type as the share attention layer may generate
representations that is misleading to the multi-class classification.

[0029] Insome embodiments, classifier optimization unit 144 may concatenate features from
class-agnostic representation v and class-specific representation §/. For example, classifier
optimization unit 144 may apply a max-pool method to the class-agnostic representation v and
class-specific representation ¢ while the classification features of main task /' are concatenated
from private feature of each subtask and shared feature of all subtasks:

oy Ptamen ol WL BT 3 E.Y 5 = 1 &1
softmar{WE + 5,0 7 e {1 &} &)

g = s fhnan{WRRY + b

=

[0030]  Classifier optimization unit 144 may also jointly optimize the multi-class classifier and

the multiple binary classifiers based on minimizing a final loss . In some embodiments, a

negative log likelihood of the correct labels may be used for representing classification loss Less.
¢

For example, the multi-binary classification loss L7, and the multi-class classification loss LE,.
’ 7 clg cls

may be calculated as:

L:{!s

where M (shown in FIG. 2) 1s the size of dataset. In some embodiments, the final loss £ may be

calculated as:
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where g and [ are hyper-parameters.
[0031] Insome embodiments, where an adversanal training is adopted, the final loss /. may be

calculated as:

i
H E 7 L s T .
o= = Qgdia, T 0 ¥ el (\i n

3=1

where v i3 also a hyper-parameter.

[0032] The multi-class classifier {e.g , implemented by unit 140} and multiple binary
classifiers {e.g., implemented by unit 142) may be jointly trained using a training dataset. For
example, the joint training may be performed to minimize the total loss L shown in equation (10}
(e g, if adversanal training 15 not adopted) or (11) (e.g, if adversarial training 1s adopted).
[0033] Classification unit 146 may use the trained model to classify data {(e.g., text objects
103} received by system 100, For example, classification unit 146 may classify a piece of
comment (e.g., a movie review) based on the jointly trained multi-class classifier and the
multiple binary classifiers.

[0034]  Although the embodiments described above train model 200 using the adversarial
tramning as shown n FIG.2, in some embodiments, model 200 may also be mplemented without
the adversarial training. That is, class-agnostic representation v and class-specific representation
¢ may be optimized without generating a task discriminator . For example, in embodiments
where no adversarial training is adopted, the multi~class classifier and the multiple bmary
classifiers may be optimized based only on minimizing the multi-binary classification loss Lils
and the multi-class classification loss Li;, as illustrated in equation {10},

[0035] Memory 106 and storage 108 may include any appropriate type of mass storage
provided to store any type of information that processor 104 may need to operate. Memory 106
and storage 108 may be a volatile or non-volatile, magnetic, semiconductor-based, tape-based,
optical, removable, non-removable, or other type of storage device or tangible (i.e, non-
transitory) computer-readable medium imcluding, but not limited to, a ROM, a flash memory, a
dynamic RAM, and a static RAM. Memory 106 and/or storage 108 may be contigured to store
one or more computer programs that may be executed by processor 104 to perform functions

disclosed herein. For example, memory 106 and/or storage 108 may be configured to store
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program{s} that may be executed by processor 104 to generate classification result 105 using
adversary multi-binary neural network learning model 200,

[0036] Memory 106 and/or storage 108 may be further configured to store information and
data used by processor 104. For instance, memory 106 and/or storage 108 may be configured to
store the vartous types of data (e.g., entities associated with known classification). For example,

2% ¢4

entities may include “the movie 1s good,” “the movie 1s great,” “it 1s worth watching,” “that is
awesome,” “very impressive,” etc.

(00371  Insome embodiments, memory 106 and/or storage 108 may also store intermediate
data such as the sentence/word vectors, sentence/word representations, attentions, etc. Memory
106 and/or storage 108 may additionally store various learning models including their model
parameters, such as word embedding models, BiILSTM models, span representation models, and
softmax models that are may be used for text classification. The various types of data may be
stored permanently, removed periodically, or disregarded immediately after the data 13
processed.

[0038] Classtfication result 105 may be stored in memory 106/ storage 108, and/or may be
provided to user 130 through a display 150. Display 150 may include a display such as a Liquad
Crystal Display (LCD), a Light Enutting Diode Display (LED), a plasma display, or any other
type of display, and provide a Graphical User Interface (GUT} presented on the display for user
mput and data depiction. The display may include a nuomber of different types of materials, such
as plastic or glass, and may be touch-sensitive to receive mnpuis from the user. For example, the
display may include a touch-sensitive material that is substantially rigid, such as Gorilla Glass™,
or substantially pliable, such as Willow Glass™. In some embodiments, display 150 may be part
of system 100.

(00391  FIG. 3 illustrates a flowchart of an exemplary method 300 for classifying a set of
objects using a multi-binary neural network, according to embodiments of the disclosure. Itisto
be appreciated that method 300 may be implemented by system 100 and particularly processor
104 or a separate processor not shown n FIG. 1. Method 300 may include steps $302-5308 as
described below. It is to be appreciated that some of the steps may be optional to perform the
disclosure provided herein. Further, some of the steps may be performed simultaneously, orina

different order than shown i1 FIG. 3.

10
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[0040] Instep 8302, system 100 may receive a set of objects, e.g., text objects 103, Text
objects 103 may be received from a database or repository. In some embodiments, text objects
103 may also be provided as texts or in its original format as acquired by terminal device 120,
such as an audio or in handwriting. If received as an audio, terminal device 120 may be
transcribed mto texts. If received in handwriting, text objects 103 may be automatically
recognized and convert into texts. Text objects 103 may include one sentence or multiple
sentences that describe a theme {(e.g., a movie review, a product comment, a question/answer, or
communications associated with a service) and/or user experience. For example, useri30 may
describe her feeling about a movie as “I am having a great time watching this fun movie. Also,
the main actor 18 awesome. And I strongly recomimend everyone to go to a theater to watch it.”
[0041] Insome embodiments, when text objects 103 contains multiple units, such as words,
sentences, etc., text objects 103 may be divided according to these units, such as different
sentences. For example, the above exemplary description may be divided nto three sentences: “1
am having a great time watching this fun movie.” “Also, the man actor 1s awesome.” and “And [
strongly recommend everyone to go to a theater to watch 1.7 In some embodiments, if the given
text 1s a sentence that includes multiple words, the sentence may be divided into 84, S ... S;
words if the text has n words.

(00421  Instep 5304, system 100 may apply multi-class classifiers for classifyving text 130 into
multiple classes. In some embodiments, system 100 may represent the multiple classes with a
label vector y = {y1, ¥2 ... ym}, where m 15 the number of classes. For example, yi may be a label
representing a first rating of 2 movie {e.g., one star), y2 may be a label representing a second
rating of a movie {e.g., two stars), etc.

[0043] Instep S306, system 100 may apply a plurality of binary classifiers decomposed from
the multi-class classifier y = {¥1, 32 ... ym} to enhance the classification accuracy of the
classification result. For example, multi-binary classification unit 142 may include mudtiple
binary classifiers that are decomposed from the multi-class classifier provided by multi-class
classification unit 140. In this way, the multi-class classification task may be divided into &
binary subtasks. For example, a one v. rest (OVR) strategy may be used to decompose the multi-
class classifier. In the jth binary classifier, the multiple classes y= {y1, 32 ... ym} may be divided
into two (binary) classes by multiplying a vector v= {y7, 37 ... v }. yi=1 only if w is included in

the subtask j split, and yi=0 if otherwise. For instance, an exemplary split may be represented as

11
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class T: {wvi, v ... ot and class 20 {yp+1, Yo+2 ... ¥m}. In another example, class I may be {31} and
class 2 may be {v2 ... yu}.

[0044] In some embodiments, system may also include encoders to learn specific contextual
mformation from the input text. Encoder layer 210 may be configured to learn the specific
contextual information from 8y, 8 .. 8, For example, system 100 may assigned a separate
bidirectional long short memory (BiLSTM]) to each binary task and learn the specific contextual
information of each binary task.

[0045]  Insome embodiments, multi-binary system may further use & private attention 4#;;to
capture class-specific sentence representation ¢ and may use a shared attention layer At to get
the class-agnostic representation v for all subtasks. In some embodiments, attention layer 220
may nclude & private attention 4#;; and a shared attention Arty. For example, the class-agnostic

representation v and the class specific sentence representation ¥ may be calculated as:

b= BILSTAM (s i e dln},j e [LE (1)

K3

s = At (Rhvi e {Lnhj e (LR} (2)

ol = At (b ‘},i c{l.n}, i {1k} (3)

L
where fi/ 15 the subtask sentence §i 1s classified nto.

[0046]  Instep 8308, system 100 may jointly classifying the set of objects using the multi-class
classifier and the phurality of binary classifiers. In some embodiments, system 100 may jointly
training the multi-class classifier and the plurality of binary classifiers, and system 100 may
optimize the multi-class classifier using classification results of the multiple binary classifiers.

In some embodiments, an adversarial training may be apphed to learn the class-agnostic
representation . For example, the learned class-agnostic representations together with the class-
specific representations generated from binary classifier may be fed 1nto the multi-class classifier
to optimize the multi-class classification process. In some embodiments, system 100 may define
a task discriminator £ to get the type label of subtask by calculating a shared representation and
an adversarial loss for the multi-class classification. This may prevent the class-specific
representation from creeping into a shared space created by shared representations. In some

embodiments, task discriminator £ and the adversarial loss L. may be calculated as:

D{s)
(

E

H“ucn“ w‘ + fgh 5 2 {i }‘V

S

v'.JI

Rk ELIe e

- ‘; T T WY i
Foos % RO, E ”‘:59{“’11—’{3“!}}} L
e R
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where Was' and byare parameters that may be trained during the model training and d/ is the
parameter denotes the task type label. In some embodiments, the subtask discriminator /) may
be used to correct the classification on the task type as the share attention layer may generate
representations that is misleading to the multi-class classification.

[0047] Insome embodiments, system 100 may concatenate features from class-agnostic
representation v and class-specific sentence representation ¥. For example, system 100 may
apply a max-pool method to the class-agnostic representation v and class-specific sentence
representation ¥ while the classification features of main task #' are concatenated from private
feature of each subtask and shared feature of all subtask:

3 .
i

wd e Pteneenl TGS [ O
3 = softraan{WB + 50 7 e {18} (6

-

Y

= sofi (WA + by

o

[0048]  In some embodiments, systern 100 may further jointly optimize the multi-class
classifiers and the multiple binary classifiers based on minimizing a final loss 7. For example, a
negative log likelihood of the correct labels may be used for representing classification loss Less.

i

The multi-binary classification loss L., and the multi-class classification loss L., may be

calculated as:

i

L, = = 3 twkoged + (1= idhitos(l — ) &)

1
a=1

(9}

where A{ 1s the size of dataset. In some embodiments, the final loss 1. may be calculated as:

;{'
L=- ; gL+ AEL, (10
i=i

where o and  are hyper-parameters.
[0049] In some embodiments, where an adversarial training is adopted, the final loss 1. may be

calculated as:

L= = ol + 805 5L (11)

where v 1s also a hyper-parameter.
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[0050] The muliti-class classifier and multiple binary classifiers may be jointly trained using a
training dataset. For example, the joint training may be performed to minimize the total loss L
shown in equation (10} {e.g., if adversarial training 1s not adopted)} or (11) (e.g,, if adversarial
training 1s adopted).

[0051]  System 100 may also use the trained model to classify data (e.g., text objects 103)
received by system 100. For example, classification unit 146 may classify a piece of comment
{(e.g., a movie review} based on the jointly trained multi-class classifier and the multiple binary
classifiers.

[0052]  As more abundant features representation such as the shared representations shared
among all binary classifiers are taken into account, the system and/or method disclosed herem
can improve the classification accuracy.

(00531 Another aspect of the disclosure is directed to a non-transitory computer-readable
medium storing instruction which, when executed, cause one or more processors to perform the
methods, as discussed above. The computer-readable mediom may include volatile or non-
volatile, magnetic, semiconductor, tape, optical, removable, non-removable, or other types of
computer-readable medium or computer-readable storage devices. For example, the computer-
readable medium may be the storage device or the memory module having the computer
mstructions stored thereon, as disclosed. In some embodiments, the computer-readable medium
may be a dis¢ or a flash drive having the computer mstructions stored thereon.

[0054] It will be apparent to those skilled in the art that various modifications and variations
can be made to the disclosed system and related methods. Other embodiments will be apparent
to those skilled in the art from consideration of the specification and practice of the disclosed
system and related methods.

(00551 It is intended that the specification and examples be considered as exemplary only,

with a true scope being indicated by the following claims and their equuvalents.

14



WO 2020/227968 PCT/CN2019/087032

WHAT IS CLAIMED I5:

1. A multi-class classification system, comprising:
at least one processor; and
at least one non-transitory memory storing instructions that, when executed by the at least
one processor, cause the system to perform operations comprising:
applving a multi-class classifier to classify a set of objects into multiple classes;
applying a plurality of binary classifiers to the set of objects, wherein the plurality of
binary classifiers are decomposed from the multi-class classifier, each binary classifier
classifying the set of the objects into a first group consisting of one or more classes selected
from the multiple classes and a second group consisting of one or more remaining classes of
the multiple classes; and
jointly classifying the set of objects using the multi-class classifier and the plurality of

binary classifiers.

2. The system of claim 1, wherein the operations comprise:

jomtly training the multi-class classifier and the plurality of binary classifiers by minimuzing
a joint loss comprising a multi-class classification loss corresponding to the multi-class classifier
and one or more binary classification losses corresponding to one or more binary classifiers

selected from the plurality of binary classifiers.

3. The system of claim 1, wherein the operations comprise:
receiving, by an encoder corresponding to at least one binary classifier, the set of objects;
and

generating, by the encoder, contextual information from the set of the objects.

4. The system of claim 3, wherein the encoder comprises a bidirectional long short memory

(BiLSTM).

5. The system of claim 3, wherein the operations further comprise:
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determining, by a private attention layer corresponding to the at least one binary classifier,
class-specific information based on the contextual information; and
determining, by a shared attention layer, class-agnostic information based on the contextual

information.

6. The system of claim 5, wherein the class-agnostic information comprises a shared feature

shared by multiple classes.

7. The system of claim 5, wherein the operations comprise:

refining, by a discrinmunator, the class-agnostic information by minimizing an adversarial loss.

8.  The system of claim 7, wherein the operations comprise:
jomtly training the multi-class classifier and the plurality of binary classifiers by mimnuzing
a joint loss comprising:
a multi-class classification loss corresponding to the multi-class classifier;
one or more binary classification losses corresponding to one or more binary classifiers
selected from the plurabity of binary classifiers; and

the adversanal loss.

9. The system of claim 5, wherein the operations comprise:
generating classification features of the at least one bmary classifier by concatenating the

class-specific information and the class-agnostic information.

10. The system of claim 5, wherein the operations comprise:
generating classification features of the multi-class classifier by concatenating class-specific

mformation corresponding to multiple binary classifiers and the class-agnostic information.

11. A multi-class classification method, comprising:
applying a multi-class classifier to classify a set of objects nto multiple classes;
applying a plurality of binary classifiers to the set of objects, wherein the plurality of hinary

classifiers are decomposed from the multi-class classifier, each binary classifier classifying the

16
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set of the objects into a first group consisting of one or more classes selected from the multiple
classes and a second group consisting of one or more remaining classes of the multiple classes;
and

jomntly classifying the set of objects using the multi-class classifier and the plurality of

binary classifiers.

12. The method of claim 11, comprising;

jomtly training the multi~class classifier and the plurality of binary classifiers by minimizing
a joint loss comprising a multi-class classification loss corresponding to the multi-class classifier
and one or more binary classification losses corresponding to one or more binary classifiers

selected from the plurality of binary classifiers.

13. The method of claim 11, comprising;
receiving, by an encoder corresponding to at least one binary classifier, the set of objects;
and

generating, by the encoder, contextual information from the set of the objects.

14, The method of claim 13, further comprising:

determining, by a private attention layer corresponding to the at least one binary classifier,
class-specific information based on the contextual information; and

determining, by a shared atiention layer, class-agnostic information based on the contextual

information.

15. The method of claim 14, wherein the class-agnostic information comprises a shared feature

shared by multiple classes.

16, The method of claim 14, further comprising;
refining, by a discriminator, the class-agnostic information by minimizing an adversarial

foss.

17. The method of claim 16, further comprising:

17
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jomtly training the multi-class classifier and the plurality of binary classifiers by minimizing
a joint loss comprising:
a multi-class classification loss corresponding to the multi-class classifier;
one or more binary classification losses corresponding to one or more binary classifiers
selected from the plurality of binary classifiers; and

the adversarial loss.

18. The method of claim 14, further comprising;
generating classification features of the at least one binary classifier by concatenating the

class-specific mformation and the class-agnostic information.

19, The method of claim 14, further comprising;
generating classification features of the multi-class classifier by concatenating class-specific

mformation corresponding to multiple binary classifiers and the class-agnostic information.

20. A non-transitory computer-readable medium having instructions stored thereon that, when

executed by at least one processor, causes the processor to perform a method for classifying
a set of objects, the method comprising:

applying a multi-class classifier to classify the set of objects mto multiple classes;

applying a plurality of binary classifiers to the set of objects, wherein the plurality of
binary classifiers are decomposed from the multi-class classifier, each binary classifier
classifying the set of the objects nto a first group consisting of one or more classes selected
from the multiple classes and a second group consisting of one or more remaining classes of
the multiple classes; and

jointly classifying the set of objects using the multi-class classifier and the plarality of

binary classifiers.
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