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Corpus Generating Method and Apparatus, and Human-machine Interaction

Processing Method and Apparatus

Cross-Reference To Related Applications

[0001] The present application is based on and claims priority to the Chinese Patent
Application No. 2018107123335, filed on June 29, 2018 and entitled “Corpus Generating
Method and Apparatus, and Human-machine Interaction Processing Method and Apparatus,”

which is incorporated herein by reference in its entirety.

Technical Field
[0002] Embodiments of the application relate to the field of computer technologies, and in
particular, to a corpus generating method and apparatus, and a human-machine interaction

processing method and apparatus.

Background
[0003] Question answering systems use natural language understanding as the core
technology to enable a computer and the like to understand and respond to users’ queries, and

thus question and answer dialogues can be achieved between the computer and the users.

[0004] Different dimensions are applied in the industry to classify question answering
systems. According to the content dimension, question answering systems may be classified
into structured data question answering systems, non-structured data question answering
systems, and question-answer pair-based question answering systems. From the technical
perspective, on the other hand, question answering systems may typically be classified into
retrieval based question answering systems and generative question answering systems.
Retrieval based question answering systems construct an information retrieval system on a
large-scale dialogue data set, and reasonable responses to user queries are obtained by
establishing an effective quantitative model of question matching and question and answer
correlation degrees; as for generative question answering systems, an End-to-End deep
learning model is constructed, and semantic association between queries and responses 18
automatically learned from massive dialogue data, thereby achieving automatic generation of

responses to user queries.

[0005] The intelligence and response accuracy of generative question answering systems
are limited by the deep learning model and the quantity and quality of samples used for

training the deep learning model. Since good deep learning models applicable on question
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answering systems have not been able to be developed according to current development

technologies, this type of question answering system does not have high response accuracy.

[0006] Existing question answering systems are primarily retrieval based question
answering systems. In use of this type of question answering systems, after a question input
by a user is obtained, a candidate question set is recalled from the corpus using a text
inverting method. Questions in the candidate question set are typically questions identical
with or similar to the question input by the user. Subsequently, the closest question is
determined from the candidate question set, an answer corresponding to the closest question
is used as a response to complete answering the user’s question. This type of question
answering systems has advantages such as simple implementation and high accuracy, but is
highly dependent on the corpus and requires support by a very large corpus with abundant
information. If no word having any text co-occurrence attributes appears in the corpus,
candidate questions are impossible to be recalled even when the expressed semantics of the
question input by the user and the candidate questions are the same. As a result, some
answers with high accuracy cannot be recalled due to the lack of text co-occurrence attributes,
which leads to losses. On the other hand, multiple pieces of data (e.g., texts) need to be stored
for the same semantics in the corpus, leading to high storage burden and increased storage

cost.

Summary

[0007] In view of this, embodiments of the present specification provide a corpus
generating method and apparatus, and a human-machine interaction processing method and
apparatus to solve the problem that question answering systems using existing corpora do not

achieve a good effect.

[0008] According to a first aspect of the embodiments of the present specification, a corpus
generating method is provided. The corpus generating method may comprise: generating a
corpus vector according to corpus content; determining a vector type of the corpus vector;
and generating, according to the vector type and the corpus vector, a corpus having an

inverted chain index.

[0009] In some embodiments, the generating a corpus vector according to corpus content
may comprise: determining a word segmentation result of the corpus content, the word
segmentation result including a plurality of words; determining word vectors corresponding

to the words in the word segmentation result; and generating the corpus vector corresponding
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to the corpus content according to the word vectors corresponding to the words in the word

segmentation result.

[0010] In some embodiments, the determining word vectors corresponding to the words in
the word segmentation result may comprise: searching a preset word vector library to

determine the word vectors corresponding to the words in the word segmentation result.

[0011] In some embodiments, the generating the corpus vector corresponding to the corpus
content according to the word vectors corresponding to the words in the word segmentation
result may comprise: summing the word vectors corresponding to the words in the word

segmentation result to generate the corpus vector.

[0012] In some embodiments, the determining a vector type of the corpus vector may

comprise: determining the vector type of the corpus vector through Product Quantization.

[0013] In some embodiments, the method may further comprise: generating a plurality of
corpus vectors. In addition, the determining the vector type of the corpus vector through
Product Quantization may comprise: dividing each corpus vector into k sub-vectors, and
forming k sub-vector sets, wherein k is a positive integer equal to or greater than one;
clustering each of the sub-vector sets using a clustering algorithm, and generating m class
centers for each of the sub-vector sets, wherein m is a positive integer equal to or greater than
one; determining a class center to which each sub-vector of each corpus vector belongs; and
determining a vector type of the corpus vector according to the class centers to which the k

sub-vectors of the each corpus vector belong.

[0014] In some embodiments, the generating, according to the vector type and the corpus
vector, a corpus having an inverted chain index may comprise: generating the corpus having
the inverted chain index according to record data, each piece of the record data including

corpus vectors having a same vector type and the corresponding vector type.

[0015] In some embodiments, the method may further comprise: generating an incremental
corpus vector according to incremental corpus content; generating an incremental corpus
having a tile index according to the incremental corpus vector; and forming a corpus based on

the corpus and the incremental corpus.

[0016] According to a second aspect of the embodiments of the present specification, a
corpus generating apparatus is provided. The corpus generating apparatus may comprise: one

or more processors and one or more non-transitory computer-readable memories coupled to
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the one or more processors and configured with instructions executable by the one or more
processors to cause the apparatus to perform operations comprising: generating a corpus
vector according to corpus content; determining a vector type of the corpus vector; and
generating, according to the vector type and the corpus vector, a corpus having an inverted

chain index.

[0017] According to a third aspect of the embodiments of the present specification, a
human-machine interaction processing method is provided. The human-machine interaction
processing method may comprise: generating a human-machine interaction input vector
according to a human-machine interaction input; determining, according to the
human-machine interaction input vector, n closest corpus vectors from a corpus, wherein n is
a positive integer equal to or greater than one; determining a confidence level of corpus
content corresponding to each of the n closest corpus vectors, and determining target corpus
content according to the confidence levels; and generating a response corresponding to the

human-machine interaction input according to the target corpus content.

[0018] In some embodiments, the operations may further comprise: determining, according
to the human-machine interaction input vector, a first number of closest corpus vectors from
the corpus; and determining, according to the human-machine interaction input vector, a
second number of closest incremental corpus vectors from an incremental corpus, wherein
the first number and the second number both are a positive integer equal to or greater than

one, and a sum of the first number and the second number is n.

[0019] In some embodiments, the determining, according to the human-machine interaction
input vector, a first number of closest corpus vectors from the corpus may comprise: dividing
the human-machine interaction input vector into k sub-vectors; determining class centers to
which the k sub-vectors of the human-machine interaction input vector belong using a
clustering algorithm, and determining a vector type of the human-machine interaction input
vector according to the class centers of the k sub-vectors; and searching the inverted chain
index of the corpus according to the vector type of the human-machine interaction input

vector to determine the first number of closest corpus vectors.

[0020] In some embodiments, the determining, according to the human-machine interaction
input vector, a second number of closest incremental corpus vectors from the incremental
corpus may comprise: searching a tile index of the incremental corpus according to the

human-machine interaction input vector to determine the second number of closest
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incremental corpus vectors.

[0021] In some embodiments, the determining a confidence level of corpus content
corresponding to each of the n closest corpus vectors, and determining target corpus content
according to the confidence levels may comprise: determining, according to the n closest
corpus vectors, n pieces of corpus content each corresponding to one of the n closest corpus
vectors; calculating a text granularity similarity and keyword matching degree between each
of the n pieces of corpus content and the human-machine interaction input data, respectively;
determining the confidence level of each of the n pieces of corpus content according to the
text granularity similarity and keyword matching degree; and determining the corpus content

having the highest confidence level as the target corpus content.

[0022] According to a fourth aspect of the embodiments of the present specification, a
human-machine interaction processing apparatus is provided. The human-machine interaction
processing apparatus may comprise: one or more processors and one or more non-transitory
computer-readable memories coupled to the one or more processors and configured with
instructions executable by the one or more processors to cause the system to perform
operations comprising: generating a human-machine interaction input vector according to a
human-machine interaction input; determining, according to the human-machine interaction
input vector, n closest corpus vectors from a preset corpus, wherein n is a positive integer
equal to or greater than one, and wherein the preset corpus comprises a corpus; determining a
confidence level of corpus content corresponding to each of the n closest corpus vectors, and
determining target corpus content according to the confidence levels; and generating a
response corresponding to the human-machine interaction input according to the target

corpus content.

[0023] According to a fifth aspect of the embodiments of the present specification, an
electronic device is provided. The electronic device may comprise: a processor, a memory, a
communication interface, and a communication bus, the processor, the memory, and the
communication interface communicating with one another via the communication bus, the
memory being configured to store executable instructions causing the processor to perform
operations corresponding to the corpus generating method according to the first aspect,
alternatively the memory being configured to store executable instructions causing the
processor to perform operations corresponding to the human-machine interaction processing

method according to the third aspect.
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[0024] The corpus generating solutions provided by the embodiments of the present
specification may generate a corpus having an inverted chain index, achieving higher search
efficiency and improving a response speed of question answering systems using this corpus
due to the inverted chain index structure of the corpus and through storing corpus vectors
having the same vector types into groups (clusters). In addition, due to vectorization of the
corpus content when generating the corpus vectors, semantic similarity in the corpus content
can be well reflected when vector types of the corpus vectors are determined, thereby
fundamentally solving the problem in current technologies that semantic similarity cannot be
reflected in corpus content that do not have text co-occurrence attributes, and improving

answer accuracy of question answering systems subsequently using this corpus.

Brief Description of the Drawings

[0025] To more clearly describe the technical solutions in the embodiments of the present
specification or in current technologies, the accompanying drawings to be used in the
embodiments or current technologies will be briefly described. Obviously, the accompanying
drawings in the description below are merely some embodiments of the present specification,
and one of ordinary skill in the art may obtain other drawings according to the accompanying

drawings.

[0026] FIG. 1is a flow chart of a corpus generating method according to some

embodiments of the present specification;

[0027] FIG. 2 is a flow chart of a corpus generating method according to other

embodiments of the present specification;

[0028] FIG. 3 is a structural block diagram of a corpus generating apparatus according to

some embodiments of the present specification;

[0029] FIG. 4 is a structural block diagram of a corpus generating apparatus according to

other embodiments of the present specification;

[0030] FIG. 5 is a flow chart of a human-machine interaction processing method according

to some embodiments of the present specification;

[0031] FIG. 61s a flow chart of a human-machine interaction processing method according

to other embodiments of the present specification;

[0032] FIG. 7 is a structural block diagram of a human-machine interaction processing

apparatus according to some embodiments of the present specification;
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[0033] FIG. 8 is a structural block diagram of a human-machine interaction processing

apparatus according to other embodiments of the present specification;

[0034] FIG. 9 is a schematic structural diagram of an electronic device according to some

embodiments of the present specification.

Detailed Description

[0035] To enable one of ordinary skill in the art to better understand the technical solutions
in the embodiments of the present specification, the technical solutions in the embodiments of
the present specification will be clearly and completely described below with reference to the
accompanying drawings in the embodiments of the present specification. It is obvious that the
described embodiments are merely some, but not all, embodiments of the present
specification. On the basis of the embodiments of the present specification, all other
embodiments obtainable by one of ordinary skill in the art shall fall within the scope of the

embodiments of the present specification.

[0036] Referring to FIG. 1, a flow chart of a corpus generating method is illustrated
according to some embodiments of the present specification. The corpus generating method

according to the embodiments comprises the following steps S102-S106.

[0037] Step S102: generating an initial corpus vector according to obtained initial corpus

content.

[0038] Corpus content (which can be referred to as initial corpus content) may include one
or more of text data, image data, voice data, and the like that are expressed in the manner of
natural language. A corpus vector (which can be referred to as an initial corpus vector) may

be a vector corresponding to the initial corpus content.

[0039] An initial corpus vector may be generated according to the obtained initial corpus
content. For example, a Word2vec algorithm may be used to generate an initial corpus vector
according to the initial corpus content; or a BOW (bag-of-word) model may be used to
generate an initial corpus vector according to the initial corpus content; or other manners may
be uses to generate an initial corpus vector. In some embodiments, multiple initial corpus

vectors may be generated based on the obtained initial corpus content.
[0040] Step S104: determining a vector type of each initial corpus vector.

[0041] A vector type represents a classification of the initial corpus vector, and initial

corpus vectors close to each other in distance belong to the same vector type. For initial
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corpus content, initial corpus vectors generated from initial corpus content with close
semantics are close in distance. The initial corpus vectors are classified by using vector types
based on this feature, which, on the one hand, can accelerate search and reduce search
numbers and times, and on the other hand, can optimize the structure of a generated corpus,

reduce the storage space occupied by the corpus, and lower the storage cost.

[0042] The vector type of each initial corpus vector may be determined in a proper manner.
For example, a first number (e.g., 256) of class center points is preset, each class center point
represents a vector type, and the vector type of each initial corpus vector is determined by
calculating the distance between each initial corpus vector and each class center point. In
some embodiments, the first number may be determined according to practical demands. A
higher first number means higher classification accuracy and correspondingly a higher search

number, and vice versa.

[0043] Step S106: generating, according to the vector types and the initial corpus vectors,

an initial corpus having an inverted chain index.

[0044] A corpus (which can be referred to as an initial corpus) may be generated according
to the vector types and the corpus vectors. To make it more convenient to search the initial
corpus, the initial corpus stores each initial corpus vector and its corresponding vector type in
an inverted chain index. The inverted chain index is an inverted index according to which
records are searched based on an attribute value. Each item in the inverted index comprises
an attribute value and one or more addresses of one or more records having this attribute
value. During search, a record’s location may be determined according to the attribute value.
In some embodiments, the attribute value of the inverted chain index may be a vector type,

and the addresses of records may be addresses of initial corpus vectors having this vector
type.

[0045] According to the corpus generating method of the embodiments, an initial corpus
having an inverted chain index is generated. Due to the inverted chain index structure and
through storing initial corpus vectors having the same vector types into groups (clusters), the
storage space occupied by the initial corpus generated according to the corpus generating
method is reduced, the search efficiency is improved, and the response speed of question
answering systems using this initial corpus may be increased. In addition, due to
vectorization of the initial corpus content when generating the initial corpus vectors, semantic

similarity in the initial corpus content can be well reflected when vector types of the initial
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corpus vectors are determined, thereby fundamentally solving the problem in current
technologies that semantic similarity cannot be reflected in initial corpus content that do not
have text co-occurrence attributes, and improving answer accuracy of question answering

systems subsequently using this initial corpus.

[0046] The corpus generating method according to the embodiments may be implementable
by any proper terminal device or server having data processing capabilities, including but not
limited to a mobile terminal, such as a tablet computer, a mobile phone, etc., and a desktop

computer.

[0047] Referring to FIG. 2, a flow chart of a corpus generating method is illustrated
according to other embodiments of the present specification. The corpus generating method

according to the embodiments comprises the following steps S202-S208.

[0048] Step S202: generating an initial corpus vector according to obtained initial corpus

content.

[0049] The initial corpus content may include text data, image data, and/or voice data that
are expressed in the manner of natural language. The initial corpus vectors may be vectors

corresponding to the initial corpus content.

[0050] An initial corpus vector may be generated according to the obtained initial corpus
content. For example, a Word2vec algorithm may be used to generate an initial corpus vector
according to the initial corpus content; or a BOW (bag-of-Word) model may be used to
generate an initial corpus vector according to the initial corpus content; or other manners may
be uses to generate an initial corpus vector. In some embodiments, multiple initial corpus

vectors may be generated based on the obtained initial corpus content.

[0051] To improve the accuracy of question and answer when the corpus generated by the
above-described method is used in the subsequent human-machine interaction processing

method, the initial corpus vector may generated through the steps S202a to S202b below.

[0052] Step S202a: determining a word segmentation result of the initial corpus content and

word vectors corresponding to words in the word segmentation result.

[0053] As the obtained initial corpus content may be of different types and formats, to
facilitate the processing on the initial corpus content that is non-text data such as voice data
or video data, the voice data or video data may be converted to text data using a voice

recognition tool or algorithm. The text data may be processed by a word segmentation
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method.

[0054] For example, the initial corpus content may be:

[0055] Initial corpus content 1: “is Beijing cold today?”

[0056] Initial corpus content 2: “what is the degree today?”

[0057] Initial corpus content 3: “search on Guge (the Chinese Pinyin of “Google”).”
[0058] Initial corpus content 4: “search on Google.”

[0059] Each of the initial corpus content is segmented to generate a corresponding word
segmentation result, which may include multiple words. Word segmentation refers to a
process in which a sequence of Chinese characters (or a sequence in other languages) is cut or

split into individual and independent words.

[0060] Any proper word segmentation algorithm or word segmentation tool may be used to
segment initial corpus content, such as the StandardAnalyzer word segmentation tool, the
ChineseAnalyzer word segmentation tool, the CJK Analyzer word segmentation tool, and the

jieba word segmentation tool.

[0061] After the initial corpus content 1 is segmented, the word segmentation result may be

[I5P%5]

“Betjing”| “today”| “cold”| “is”.

[0062] After the initial corpus content 2 is segmented, the word segmentation result may be

77| (13

what

77|

“today “degree”.

[0063] After the initial corpus content 3 is segmented, the word segmentation result may be

“search on

77|

((Guge77.

[0064] After the initial corpus content 4 is segmented, the word segmentation result may be

“search on

77|

“Google”.

[0065] When different word segmentation tools or word segmentation algorithms are used
to segment the same initial corpus content, the word segmentation results may be different.

To improve the accuracy of subsequent processing, removing of stop words may or may not
be performed after the initial corpus content has been segmented. Stop words refer to words

having no substantial impact on semantics, such as modal particles.

[0066] A word vector expresses a word in natural language in a mathematical expression

manner. For each word segmentation result, when word vectors corresponding to the words

10



WO 2020/006488 PCT/US2019/039942

in the word segmentation result are determined, the word vectors may be obtained through a
word vector algorithm or may be obtained through searching a word vector library. A word
vector library may be a preset library storing corresponding relationships between words and
word vectors. For each word in a word segmentation result, a word vector of the word may be

obtained by searching in the word vector library.

[0067] Step S202b: generating, according to the word vectors corresponding to the words in
the word segmentation result, the initial corpus vector corresponding to the initial corpus

content.

[0068] After the word vectors of the words in each word segmentation result are determined,
for each word segmentation result, the word vectors corresponding to the words in the word
segmentation result are added together to generate an initial corpus vector corresponding to

the initial corpus content.
[0069] Step S204: determining a vector type of each initial corpus vector.

[0070] A vector type of each initial corpus vector may be determined in a proper manner.
For example, Product Quantizer or Product Quantization (PQ) may be used to determine a

vector type of each initial corpus vector.

[0071] In some embodiments, Product Quantization mainly comprises two processes: a
process of grouping and quantizing features and a process of cartesian product of classes.
Assuming that there is a data set, a predetermined number “K” of classes is clustered through
a K-means algorithm, the target function has the minimum sum of distances between all
samples to a class center, and the target function is optimized through iterative calculation to

obtain K class centers and classes to which all samples belong.

[0072] The determination of a vector type of each initial corpus vector through Product

Quantization will be described in detail below.

[0073] Each initial corpus vector is divided into k sub-vectors, and k sub-vector sets are
formed; each of the sub-vector sets is clustered using a clustering algorithm, and m class
centers are generated for each of the sub-vector sets; for each initial corpus vector, a class
center is determined to which each sub-vector of the initial corpus vector belongs, and a
vector type of the initial corpus vector is determined according to the class centers to which

the k sub-vectors of the initial corpus vector belong.

[0074] For example, assuming that the initial corpus vector has d dimensions, the initial

11
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corpus vector may be divided into k sub-vectors, and each sub-vector has d/k dimensions. For
example, d may have a value of 128, k may have a value of 8, and then each sub-vector has

16 dimensions.

[0075] If the number of initial corpus vectors is s, then the number of sub-vectors in each
sub-vector set is s. In some embodiments, when the k sub-vector sets are formed, the first
sub-vectors of the initial corpus vectors form the first sub-vector set, the second sub-vectors

of the initial corpus vectors form the second sub-vector set, and so on.

[0076] In some embodiments, each of the sub-vector sets is clustered using a clustering
algorithm. Clustering algorithms are used to solve the task of grouping a set of objects in

such a way that objects in the same group (referred to as a cluster) are more similar to each
other than to those in other groups (clusters). In some embodiments, the clustering algorithm
may be a K-means algorithm or other clustering algorithms. The number of class centers
clustered through the clustering algorithm may be determined according to practical demands.
A higher number of class centers means higher classification accuracy and higher amount of

calculation, and vice versa.

[0077] In some embodiments, for each of the sub-vector sets, m class centers are generated,
and m may have a value of 100, 128, 200, 256, 300, 400, 500, 512, etc. There is a total of k
sub-vector sets. After each sub-vector set is clustered to obtain m class centers (the total
number of class centers may be m*k), for each initial corpus vector, a class center to which
each sub-vector of the initial corpus vector belongs may be determined through a K-Nearest
Neighbor (KNN) algorithm. For example, to determine a class center to which a first
sub-vector of the initial corpus vector (referred to as the target sub-vector) belongs, h
sub-vectors (e.g., a value of h is determined according to practical demands) closest to the
target sub-vector are searched for in the first sub-vector set (e.g., this set of first sub-vectors
refers to a set formed by the first sub-vectors of all initial corpus vectors). Class centers to
which the h sub-vectors belong are determined, and the class center having the largest
number of sub-vectors is determined from these class centers as the class center of the target
sub-vector. For example, assuming h=7, and among the class centers of the h sub-vectors,
five sub-vectors belong to the class center 1, one sub-vector belongs to the class center 2, one
sub-vector belongs to the class center 3, and then the class center to which the target

sub-vector belongs is the class center 1.

[0078] In some embodiments, the class center to which each sub-vector of each initial

12
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corpus vector belongs may be determined in other manners. For example, distances between
each sub-vector and all class centers are calculated, and the class center having the shortest

distance to the sub-vector is determined to be the class center of the sub-vector.

[0079] After class centers to which k sub-vectors of each initial corpus vector belong are
determined, the vector type of the initial corpus vector is determined according to these k

class centers.

[0080] For example, the class centers of k sub-vectors of an initial corpus vector are class
center 1, class center 351, class center 600, class center 855, class center 1011, class center
1450, class center 1650, and class center 2011, respectively, and then the vector type of the
initial corpus vector may be recorded as [¢1,c351,¢600,¢855,c1011,c1450,¢1650,c2011].

[0081] Step S206: generating, according to the vector types and the initial corpus vectors,

an initial corpus having an inverted chain index.

[0082] In some embodiments, to generate the initial corpus having an inverted chain index,
initial corpus vectors having the same vector type and the corresponding vector type are used
as one piece of record data of an inverted chain index, and the initial corpus having the

inverted chain index is generated according to the record data.

[0083] In some embodiments, the record data comprises a keyword and record content data.
The keyword in the record data is a vector type. The record content data may comprise an
identifier (ID) (e.g., a number) and a storage address of each initial corpus vector having this

vector type (or the initial corpus vector itself).

[0084] If the initial corpus is applied to question answering systems, the question corpus in
the question-answer pair (QA pair) may be used as the initial corpus content to generate an
initial corpus by using the corpus generating method. In some other embodiments, the initial

corpus may store other initial corpus content.

[0085] Step S208: generating, according to obtained incremental corpus content, a
corresponding incremental corpus vector, and generating, according to the incremental corpus

vectors, an incremental corpus having a tile index.

[0086] In some embodiments, this step is an optional step and may be omitted. An
incremental corpus refers to a newly added corpus in addition to the initial corpus. In other
words, the intersection of corpus content in the incremental corpus and corpus content in the

initial corpus is empty. Since the initial corpus has an inverted chain index, clustering and
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class center calculation may be performed when the inverted chain index is established.
When the initial corpus content changes, the initial corpus may perform clustering and class
center calculation again for all the content, which will take up tremendous computing power
resources. In particular, when corpus addition is performed frequently, the computing power
can be wasted. To solve this problem, the initial corpus is updated periodically at a
predetermined interval, e.g., 1 day, 2 days, or a week. The corpus content between two
adjacent updates is treated as incremental corpus content for generating the incremental
corpus. The amount of incremental corpus content is typically far smaller than the amount of

initial corpus content.

[0087] After the incremental corpus content is obtained, corresponding incremental corpus
vectors are generated using such an algorithm as Word2vec or the like, according to the
incremental corpus content. Subsequently, the incremental corpus having a tile index is
generated according to the incremental corpus vectors. In some embodiments, keywords of

the tile index may be the incremental corpus vectors.

[0088] If the corpora used in the subsequent human-machine interaction processing method
comprise the incremental corpus and the initial corpus, then the incremental corpus and the

initial corpus form the preset corpus.

[0089] According to the corpus generating method of the embodiments, initial corpus
content and incremental corpus content are converted to corresponding initial corpus vectors
and incremental corpus vectors respectively. An initial corpus having an inverted chain index
is generated according to the initial corpus vectors, and further, an incremental corpus having
a tile index may be generated according to the incremental corpus vectors. The initial corpus
may greatly save the storage space, and since the initial corpus content is converted to the
initial corpus vectors, the accuracy of answers obtained through search in the subsequent

process of application in question answering systems can be improved.

[0090] The corpus generating method according to the embodiments may be implementable
by any proper terminal device or server having data processing capabilities, including but not
limited to a mobile terminal, such as a tablet computer, a mobile phone, etc., and a desktop

computer.

[0091] Referring to FIG. 3, a structural block diagram of a corpus generating apparatus is
illustrated according to some embodiments of the present specification. The corpus

generating apparatus according to the embodiments comprises: a vector type determining
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module 301 configured to generate an initial corpus vector according to obtained initial
corpus content, and determine a vector type of each initial corpus vector; and an initial corpus
generating module 302 configured to generate, according to the vector types and the initial
corpus vectors, an initial corpus having an inverted chain index. Embodiments of the corpus
generating methods may be referenced for details of such functions of the vector type

determining module 301 and the initial corpus generating module 302.

[0092] The corpus generating apparatus generates an initial corpus having an inverted chain
index. Due to the inverted chain index structure and through storing initial corpus vectors
having the same vector types into groups (clusters), the storage space occupied by the initial
corpus generated by the corpus generating apparatus is reduced, the search efficiency is
higher, and the response speed of question answering systems using this initial corpus may be
improved. In addition, due to vectorization of the initial corpus content when generating the
initial corpus vectors, semantic similarity in the initial corpus content can be well reflected
when vector types of the initial corpus vectors are determined, thereby fundamentally solving
the problem in current technologies that semantic similarity cannot be reflected in initial
corpus content that do not have text co-occurrence attributes, and improving answer accuracy

of question answering systems subsequently using this initial corpus.

[0093] Referring to FIG. 4, a structural block diagram of a corpus generating apparatus is
illustrated according to other embodiments of the present specification. The corpus
generating apparatus according to the embodiments comprises: a vector type determining
module 401 configured to generate an initial corpus vector according to obtained initial
corpus content, and determine a vector type of each initial corpus vector; and an initial corpus
generating module 402 configured to generate, according to the vector types and the initial

corpus vectors, an initial corpus having an inverted chain index.

[0094] In some embodiments, the vector type determining module 401 is configured to
determine a word segmentation result of the initial corpus content and word vectors
corresponding to the words in the word segmentation result; generate an initial corpus vector
according to the word vectors corresponding to the words in the word segmentation result,

and determine a vector type of each initial corpus vector.

[0095] In some embodiments, the vector type determining module 401 is configured to
determine a word segmentation result of the initial corpus content, and search a preset word

vector library to determine word vectors corresponding to the words in the word
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segmentation result; generate an initial corpus vector according to the word vectors
corresponding to the words in the word segmentation result, and determine a vector type of

each initial corpus vector.

[0096] In some embodiments, the vector type determining module 401 is configured to
determine a word segmentation result of the initial corpus content, and word vectors
corresponding to the words in the word segmentation result; for the word segmentation result,
sum the word vectors corresponding to the words in the word segmentation result to generate
an initial corpus vector corresponding to the initial corpus content, and determine a vector

type of each initial corpus vector.

[0097] In some embodiments, when determining a vector type of each initial corpus vector,
the vector type determining module 401 is configured to determine the vector type of each

initial corpus vector through Product Quantization.

[0098] In some embodiments, the vector type determining module 401 is configured to
generate an initial corpus vector according to the obtained initial corpus content, divide each
initial corpus vector into k sub-vectors, and form k sub-vector sets; cluster each of the
sub-vector sets using a clustering algorithm, and generate m class centers for each of the
sub-vector sets; for each initial corpus vector, determine a class center to which each
sub-vector of the initial corpus vector belongs; and determine a vector type of the initial
corpus vector according to the class centers to which the k sub-vectors of the initial corpus

vector belong.

[0099] In some embodiments, the initial corpus generating module 402 is configured to use
initial corpus vectors having the same vector type and the corresponding vector type as a
piece of record data of an inverted chain index to generate the initial corpus having the

inverted chain index according to the record data.

[00100] In some embodiments, the apparatus further comprises: an incremental corpus
generating module 403 configured to generate a corresponding incremental corpus vector
according to an obtained incremental corpus content, and generate, according to the
incremental corpus vectors, an incremental corpus having a tile index, the initial corpus and

the incremental corpus forming a corpus.

[00101] The corpus generating apparatus may convert initial corpus content and incremental

corpus content to corresponding initial corpus vectors and incremental corpus vectors
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respectively, generate an initial corpus having an inverted chain index according to the initial
corpus vectors, and may further generate an incremental corpus having a tile index according
to the incremental corpus vectors. The initial corpus may greatly save the storage space, and
since the apparatus converts the initial corpus content to the initial corpus vectors, the
accuracy of answers obtained through search in the subsequent process of application in

question answering systems can be improved.

[00102] Referring to FIG. 5, a flow chart of steps in a human-machine interaction processing
method is illustrated according to some embodiments of the present specification. The
human-machine interaction processing method is used to implement intelligent dialogues
between a device and a person. For example, a chat robot chats with a user, an intelligent
assistant interacts with a user, etc. The human-machine interaction processing method may be
used as a Question and Answer method in question answering systems. The human-machine
interaction processing method according to the embodiments comprises the following steps

S502-S508.

[00103] Step S502: generating a corresponding human-machine interaction input vector

according to an obtained human-machine interaction input.

[00104] For example, when a user performs Question and Answer activities with a device in
question answering systems, a user question (i.e., the human-machine interaction input) may
be input in the form of text, voice, etc. The device obtains the human-machine interaction
input, which may be content expressed in a natural language. Thus, the human-machine
interaction input may be converted to a corresponding human-machine interaction input
vector through methods such as natural language processing, word segmentation, and word

vector conversion.

[00105] In some embodiments, the process of generating a human-machine interaction input
vector is the same as the process of generating an initial corpus vector according to obtained
initial corpus content in the corpus generating methods, and therefore will not be elaborated

again.

[00106] Step S504: determining, according to the human-machine interaction input vector, n

closest corpus vectors from a preset corpus.

[00107] In some embodiments, n is a positive integer equal to or greater than one. The preset

corpus at least comprises the initial corpus generated using the above-described corpus
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generating methods. The method for determining n closest corpus vectors from a preset

corpus may include the KNN algorithm or other algorithms.

[00108] Step S506: determining a confidence level of corpus content corresponding to each
of the n closest corpus vectors, and determining target corpus content according to the

confidence levels.

[00109] In some embodiments, a confidence level may indicate a degree of similarity
between a closest corpus vector and the human-machine interaction input vector. The
confidence level may be calculated according to parameters such as keyword matching, text

granularity similarity, etc.

[00110] The target corpus content may be the corpus content corresponding to the closest
corpus vector that has the highest confidence level with respect to the human-machine

interaction input vector (i.e., the user question vector).

[00111] Step S508: generating, according to the target corpus content, a response

corresponding to the human-machine interaction input.

[00112] After the target corpus content is determined, the answer data corresponding to the
target corpus content is determined, and a response corresponding to the human-machine
interaction input is generated according to the answer data. For example, the target corpus
content may be the question in a QA pair, and a corresponding answer may be determined

according to the question.

[00113] The human-machine interaction processing method converts a human-machine
interaction input (user question data) to a vector, and then determines n closest corpus vectors
in a preset corpus. This way, when the n closest corpus vectors are recalled, corpus vectors
with close semantics but without text co-occurrence attributes will not be lost, thereby
ensuring the recall accuracy. Subsequently, a target corpus vector is determined based on a
confidence level, thereby ensuring the accuracy of the answer. In addition, since the preset
corpus comprises the initial corpus, and the initial corpus adopts an inverted chain index, the

recall efficiency for recalling the n closest corpus vectors can be ensured and improved.

[00114] The human-machine interaction processing method according to the embodiments
may be implementable by any proper terminal device or server having data processing
capabilities, including but not limited to a mobile terminal, such as a tablet computer, a

mobile phone, etc., and a desktop computer.
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[00115] Referring to FIG. 6, a flow chart of steps in a human-machine interaction processing
method is illustrated according to other embodiments of the present specification. The
human-machine interaction processing method is used to implement intelligent dialogues
between a device and a person. For example, a chat robot chats with a user, an intelligent
assistant interacts with a user, etc. Examples in which the human-machine interaction
processing method is the Question and Answer method and a human-machine interaction
input is the user question are taken for description. The human-machine interaction

processing method according to the embodiments comprises the following steps S602-S608.

[00116] Step S602: generating a corresponding user question vector according to obtained

user question data.

[00117] When a user performs Question and Answer activities with a device,
human-machine interaction is conducted in the form of text, voice, etc., so as to input a user
question. The device obtains the user question data expressed in a natural language. For
example, the user question data is: “how is the weather in Beijing?” in the language of
Chinese. This user question data may be segmented to obtain separated words, such as
“Beijing”| “weather

77| (13 77|

“how”, also in the language of Chinese. Subsequently, word vectors
corresponding to the words are searched for in a word vector library, and then the word

vectors are added together to obtain a user question vector.

[00118] Step S604: determining, according to the user question vector, n closest corpus

vectors from a preset corpus.

[00119] In some embodiments, the preset corpus may comprise the initial corpus generated
using the above-described corpus generating methods, and may also comprise the incremental

corpus.

[00120] The value of n in the n closest corpus vectors may be set according to practical
demands. For example, nis 8, 10, etc. The value of n may alternatively be determined
according to the amount of corpus content in the initial corpus, so as to ensure the recall

accuracy and the recall efficiency.

[00121] If the preset corpus comprises the initial corpus, determining n closest corpus
vectors comprises: accessing the inverted chain index to determine n initial corpus vectors
closest to the user question vector in the initial corpus. Since the inverted chain index is used,

a higher search efficiency can be achieved.
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[00122] For example, the process may be as follows: dividing the user question vector into k
sub-vectors, determining class centers to which the k sub-vectors belong, and then
determining a vector type of the user question vector according to the class centers of the k
sub-vectors; searching the inverted chain index of the initial corpus according to the vector
type of the user question vector to determine n closest initial corpus vectors. For example, the
class centers to which the k sub-vectors belong are class center 11, class center 357, class
center 607, class center 825, class center 1111, class center 1451, class center 1651, and class
center 2021, respectively, which may be recorded as [ckl1, ck2, ... ckk]. The same vector type
is searched for in the inverted chain index, and then n closest corpus vectors are determined

from initial corpus vectors having the same vector type.

[00123] In some embodiments, if the number of initial corpus vectors having the same vector
type is smaller than n, the initial corpus vectors having the same vector type are determined
to be n closest corpus vectors. If the number of initial corpus vectors having the same vector
type is greater than n, n closest initial corpus vectors may be determined in a manner such as

text granularity similarity, keyword matching degree, etc., as the n closest corpus vectors.

[00124] If the preset corpus comprises the initial corpus and the incremental corpus, then n
may be a positive integer equal to or greater than two, and the determining n closest corpus

vectors comprises the following steps S604a-S604b.

[00125] Step S604a: determining, according to the user question vector, a number

(represented by “a”) of closest initial corpus vectors from the initial corpus.

[00126] In some embodiments, the process of determining, according to the user question
vector, “a” closest initial corpus vectors from the initial corpus is similar to the
above-described process of determining n closest initial corpus vectors from the initial corpus,

which, therefore, will not be elaborated here.

[00127] Step S604b: determining, according to the user question vector, a number

(represented by “b”) of closest incremental corpus vectors from the incremental corpus.

[00128] For example, a is a positive integer equal to or greater than one, b is a positive

integer equal to or greater than one, and a+b=n.

[00129] Determining, according to the user question vector, b closest incremental corpus
vectors from the incremental corpus may be, for example, as follows: searching the tile index

of the incremental corpus according to the user question vector to determine b closest
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incremental corpus vectors. For example, the distance between the user question vector and
each incremental corpus vector is calculated one by one, so as to determine b closest

incremental corpus vectors.

[00130] Step S606: determining a confidence level of corpus content corresponding to each
of the n closest corpus vectors, and determining a target corpus content according to the

confidence levels.

[00131] In some embodiments, according to the n closest corpus vectors, n pieces of corpus
content corresponding to the closest corpus vectors are determined; the text granularity
similarity and keyword matching degree between the n pieces of corpus content and the user
question data are calculated, respectively; determining a confidence level of each of the n
pieces of corpus content according to the text granularity similarity and keyword matching
degree; and determining the corpus content having the highest confidence level as the target

corpus content.

[00132] In some embodiments, the text granularity similarity may be obtained by calculating
Hash values, calculating Jaccard similarity, or using an NLP algorithm. After the parameters
such as text granularity similarity and keyword matching degree are obtained, the confidence
level of a piece of corpus content may be determined with reference to weights of the

parameters.

[00133] Step S608: generating a response corresponding to the user question data according

to the target corpus content.

[00134] After the target corpus content is determined, whether the confidence level of the
target corpus content is equal to or greater than an answer threshold is determined. The value
of the answer threshold may be determined according to practical demands, e.g., 80%, 85%,

90%, etc.

[00135] If the confidence level of the target corpus content is equal to or greater than the
answer threshold, the answer data corresponding to the target corpus content is
correspondingly searched for, and the answer data may be used as the answer data
corresponding to the user question data. Alternatively, the answer data may be processed in a
manner of generating natural language to generate the answer data corresponding to the user

question data.

[00136] If the confidence level of the target corpus content is less than the answer threshold,
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blank answer data is generated to indicate no answer, or that further information is required.

User question Text recall Semantic vector recall
Question Answer Question Answer
Tell your best None None Tell a funny Detailed content
joke joke of a joke
Your story is | Your joke is not | Then what kind None None
not funny at funny at all of joke do you
all want to hear?
[ will leave I'will leave and | Ok, bye. Hope [ will leave a Ok
first you get off work | you will chat little early
first with me again
Table 1

[00137] In Table 1, for the same user question data, answers according to current
technologies in the text recall manner and answers according to the application in the

semantic vector recall manner are listed.

[00138] In the first example corresponding to the user question “Tell your best joke,” a QA
pair that is not related to the original text but has similar semantics can be recalled, and the

user question is ultimately answered.

[00139] In second example corresponding to the user question “Your story is not funny at
all,” the text recall manner incorrectly triggers a QA pair having completely different
semantics, which affects the user experience of question answering systems, while the

semantic recall manner does not cause this type of error.

[00140] In the third example 3 corresponding to the user question “I will leave first,” both
manners have QA results. From the perspective of answer effects, however, the accuracy of

the answer in the semantic recall manner is far superior to that in the text recall manner.

[00141] With regard to the preset corpus in the human-machine interaction processing
method, the question (the initial corpus content) in a QA pair is segmented, and after word
vectors of the words are obtained, the corresponding word vectors are added together to
generate a vector corresponding to the question (the initial corpus vector). Subsequently, an
inverted chain index is generated as the corpus of vector recall, according to the initial corpus

vector through Product Quantization. For the user question vector, the KNN algorithm is used
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to retrieve top K initial corpus vectors having the shortest distance to the user question vector,
and the QA pairs corresponding to the initial corpus vectors are used as the recall result.

Since the index of the corpus is an inverted chain index, the retrieval efficiency is ensured.

[00142] For the retrieved top K initial corpus vectors having the shortest distance to the user
question vector, the confidence levels may be calculated based on text granularity similarity
and matching degree of important keywords, and it can be determined whether the user
question is answered and the corresponding answer data can also be determined both through

a threshold.

[00143] Compared with the conventional text-based recall, a semantic vector index used as a
recall module of the question answering system can solve the problem that data having the
same semantics but different texts cannot be recalled and qualified answers may be lost in the

recall phase.

[00144] Referring to FIG. 7, a structural block diagram of a question answering apparatus is
illustrated according to some embodiments of the present specification. The question
answering apparatus according to the embodiments comprises: a question vector obtaining
module 701 configured to generate a corresponding human-machine interaction input vector
according to an obtained human-machine interaction input; a corpus content searching
module 702 configured to determine, according to the human-machine interaction input
vector, n closest corpus vectors from a preset corpus, wherein n is a positive integer equal to
or greater than one, and wherein the preset corpus at least comprises the initial corpus
generated using the above-described methods; a target corpus content determining module
703 configured to determine a confidence level of corpus content corresponding to each of
the n closest corpus vectors, and determine target corpus content according to the confidence
levels; and an answer data generating module 704 configured to generate a response
corresponding to the human-machine interaction input data according to the target corpus

content.

[00145] The question answering apparatus converts the human-machine interaction input
data to a human-machine interaction input vector, and then determines n closest corpus
vectors from a preset corpus. This way, when the n closest corpus vectors are recalled, corpus
vectors with close semantics but without text co-occurrence attributes will not be lost, thereby
ensuring the recall accuracy. Subsequently, a target corpus vector is determined based on a

confidence level, thereby ensuring the accuracy of the answer. In addition, since the preset
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corpus comprises the initial corpus, and the initial corpus adopts an inverted chain index, the

recall efficiency for recalling the n closest corpus vectors can be ensured and improved.

[00146] Referring to FIG. 8, a structural block diagram of a question answering apparatus is
illustrated according to other embodiments of the present specification. The question
answering apparatus according to the embodiments comprises: a question vector obtaining
module 801 configured to generate a corresponding human-machine interaction input vector
according to an obtained human-machine interaction input; a corpus content searching
module 802 configured to determine, according to the human-machine interaction input
vector, n closest corpus vectors from a preset corpus, wherein n is a positive integer equal to
or greater than one, and wherein the preset corpus at least comprises the initial corpus
generated using the above-described method; a target corpus content determining module 803
configured to determine a confidence level of corpus content corresponding to each of the n
closest corpus vectors, and determine target corpus content according to the confidence levels;

and an answer data generating module 804 configured to generate answer data corresponding

to the human-machine interaction input data according to the target corpus content.

[00147] In some embodiments, if the preset corpus further comprises the incremental corpus,
then n is a positive integer equal to or greater than two, and the corpus content searching
module 802 comprises: a first searching module 8021 configured to determine, according to
the human-machine interaction input vector, a number (represented by “a”) of closest initial
corpus vectors from the initial corpus; and a second searching module 8022 configured to
determine, according to the human-machine interaction input vector, a number (represented
by “b”) of closest incremental corpus vectors from the incremental corpus, wherein a is a
positive integer equal to or greater than one, b is a positive integer equal to or greater than

one, and a+b=n.

[00148] In some embodiments, the first searching module 8021 is configured to divide the
human-machine interaction input vector into k sub-vectors; determine class centers to which
the k sub-vectors of the human-machine interaction input vector belong using a clustering
algorithm, and then determine a vector type of the human-machine interaction input vector
according to the class centers of the k sub-vectors; search the inverted chain index of the
initial corpus according to the vector type of the human-machine interaction input vector, and

determine “a” closest initial corpus vectors.

[00149] In some embodiments, the second searching module 8022 is configured to search the

24



WO 2020/006488 PCT/US2019/039942

tile index of the incremental corpus according to the human-machine interaction input vector

to determine b closest incremental corpus vectors.

[00150] In some embodiments, the target corpus content determining module 803 comprises:
a corpus content obtaining module 8031 configured to determine, according to the n closest
corpus vectors, a total of n pieces of corpus content each corresponding to one of the n closest
corpus vectors; a calculating module 8032 configured to calculate the text granularity
similarity and keyword matching degree between each of the n pieces of corpus content and
the human-machine interaction input data, respectively; a confidence determining module
8033 configured to determine a confidence level of each of the n pieces of corpus content
according to the text granularity similarity and keyword matching degree; and a corpus
content determining module 8034 configured to determine the corpus content having the

highest confidence level as the target corpus content.

[00151] The question answering apparatus converts the human-machine interaction input
data to a human-machine interaction input vector, and then determines n closest corpus
vectors from a preset corpus. This way, when the n closest corpus vectors are recalled, corpus
vectors with close semantics but without text co-occurrence attributes will not be lost, thereby
ensuring the recall accuracy. Subsequently, a target corpus vector is determined based on a
confidence level, thereby ensuring the accuracy of the answer. In addition, since the preset
corpus comprises the initial corpus, and the initial corpus adopts an inverted chain index, the

recall efficiency for recalling the n closest corpus vectors can be ensured and improved.

[00152] Referring to FIG. 9, a schematic structural diagram of an electronic device is
illustrated according to some embodiments of the present specification. The embodiments of
the present specification do not limit implementations of the electronic device. As shown in
FIG. 9, the electronic device may comprise: a processor 902, a communication interface 904,

a memory 906, and a communication bus 908.

[00153] In some embodiments, the processor 902, the communication interface 904, and the
memory 906 communicate with one another via the communication bus 908. The
communication interface 904 is configured to communicate with other electronic devices.
The processor 902 is configured to execute a program 910, and for example, to execute
relevant steps in the above embodiments of the methods. In one example, the program 910
may comprise program code, and the program code comprises computer operation

instructions.
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[00154] The processor 902 may be a Central Processing Unit (CPU), an Application Specific
Integrated Circuit (ASIC), or one or more integrated circuits configured to implement

embodiments of the present specification. One or more processors comprised in an electronic
device may be processors of the same type, e.g., one or more CPUs, or may be processors of

different types, e.g., one or more CPUs and one or more ASICs.

[00155] The memory 906 is configured to store the program 910. The memory 906 may
comprise high-speed RAM, and may also comprise a non-volatile memory, e.g., at least one
magnetic disk memory. For example, the program 910 may be configured to cause the
processor 902 to execute the following operations: generating an initial corpus vector
according to obtained initial corpus content, and determining a vector type of each initial
corpus vector; and generating, according to the vector types and the initial corpus vectors, an

initial corpus having an inverted chain index.

[00156] In some embodiments, the program 910 may be further configured to cause the
processor 902 to, when generating an initial corpus vector according to the obtained initial
corpus content, determine a word segmentation result of the initial corpus content and word
vectors corresponding to the words in the word segmentation result; and generate an initial
corpus vector according to the word vectors corresponding to the words in the word

segmentation result.

[00157] In some embodiments, the program 910 may be further configured to cause the
processor 902 to, when determining word vectors corresponding to the words in the word
segmentation result, search a preset word vector library to determine word vectors

corresponding to the words in the word segmentation result.

[00158] In some embodiments, the program 910 may be further configured to cause the
processor 902 to, when generating an initial corpus vector according to the word vectors
corresponding to the words in the word segmentation result, for the word segmentation result,
sum the word vectors corresponding to the words in the word segmentation result to generate

an initial corpus vector corresponding to the initial corpus content.

[00159] In some embodiments, the program 910 may be further configured to cause the
processor 902 to, when determining the vector type of each initial corpus vector, determine

the vector type of each initial corpus vector through Product Quantization.

[00160] In some embodiments, the program 910 may be further configured to cause the

26



WO 2020/006488 PCT/US2019/039942

processor 902 to, when determining the vector type of each initial corpus vector through
Product Quantization, divide each initial corpus vector into k sub-vectors, and form k
sub-vector sets; cluster each of the sub-vector sets using a clustering algorithm, and generate
m class centers for each of the sub-vector sets; for each initial corpus vector, determine a
class center to which each sub-vector of the initial corpus vector belongs; and determine a
vector type of the initial corpus vector according to the class centers to which the k

sub-vectors of the initial corpus vector belong.

[00161] In some embodiments, the program 910 may be further configured to cause the
processor 902 to, when generating, according to the vector types and the initial corpus vectors,
an initial corpus having an inverted chain index, use initial corpus vectors having the same
vector type and the corresponding vector type as one piece of record data of an inverted chain
index to generate the initial corpus having the inverted chain index according to the record

data.

[00162] In some embodiments, the program 910 may be further configured to cause the
processor 902 to generate a corresponding incremental corpus vector according to an

obtained incremental corpus content, and generate, according to the incremental corpus
vectors, an incremental corpus having a tile index, the initial corpus and the incremental

corpus forming a corpus.

[00163] Alternatively, the program 910 may be, for example, configured to cause the
processor 902 to execute the following operations: generating a corresponding
human-machine interaction input vector according to obtained human-machine interaction
input data; determining, according to the human-machine interaction input vector, n closest
corpus vectors from a preset corpus, wherein n is a positive integer equal to or greater than
one, and wherein the preset corpus at least comprises the initial corpus generated using the
above-described corpus generating methods; determining a confidence level of corpus
content corresponding to each of the n closest corpus vectors, and determining a target corpus
content according to the confidence levels; and generating answer data corresponding to the

human-machine interaction input data according to the target corpus content.

[00164] In some embodiments, the program 910 may be further configured to cause the
processor 902 to, if the preset corpus further comprises the incremental corpus and n is a
positive integer equal to or greater than two, and when determining, according to the

human-machine interaction input vector, n closest initial corpus vectors from the preset
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corpus, determine, according to the human-machine interaction input vector, a number
(represented by “a”) of closest initial corpus vectors from the initial corpus; and determine,
according to the human-machine interaction input vector, a number (represented by “b”) of
closest incremental corpus vectors from the incremental corpus, wherein a is a positive
integer equal to or greater than one, b is a positive integer equal to or greater than one, and

atb=n.

[00165] In some embodiments, the program 910 may be further configured to cause the
processor 902 to, when determining, according to the human-machine interaction input vector,
a number (represented by “a”) of closest initial corpus vectors from the initial corpus, divide
the human-machine interaction input vector into k sub-vectors; determine class centers to
which the k sub-vectors of the human-machine interaction input vector belong using a
clustering algorithm, and then determine a vector type of the human-machine interaction
input vector according to the class centers of the k sub-vectors; search the inverted chain
index of the initial corpus according to the vector type of the human-machine interaction

input vector, and determine a number (a) of closest initial corpus vectors.

[00166] In some embodiments, the program 910 may be further configured to cause the
processor 902 to, when determining, according to the human-machine interaction input vector,
a number (b) of closest incremental corpus vectors from the incremental corpus, search the
tile index of the incremental corpus according to the human-machine interaction input vector

to determine b closest incremental corpus vectors.

[00167] In some embodiments, the program 910 may be further configured to cause the
processor 902 to, when determining a confidence level of corpus content corresponding to the
n closest corpus vectors and determining target corpus content according to the confidence
levels, determine, according to the n closest corpus vectors, a total of n pieces of corpus
content each corresponding to one the n closest corpus vectors; calculate a text granularity
similarity and keyword matching degree between each of the n corpus content and the
human-machine interaction input data, respectively; determine the confidence level of each of
the n pieces of corpus content according to the text granularity similarity and keyword
matching degree; and determine the corpus content having the highest confidence as the

target corpus content.

[00168] The electronic device according to the embodiments can generate an initial corpus

having an inverted chain index, achieving higher search efficiency and improving a response
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speed of question answering systems using this initial corpus due to the inverted chain index
structure of the initial corpus and through storing initial corpus vectors having the same
vector types into groups (clusters). In addition, due to vectorization of the initial corpus
content when generating the initial corpus vectors, semantic similarity in the initial corpus
content can be well reflected when vector types of the initial corpus vectors are determined,
thereby fundamentally solving the problem in current technologies that semantic similarity
cannot be reflected in initial corpus content that do not have text co-occurrence attributes, and
improving answer accuracy of question answering systems subsequently using this initial

corpus.

[00169] The electronic device according to the embodiments converts the human-machine
interaction input data to a human-machine interaction input vector, and then determines n
closest corpus vectors from a preset corpus using the KNN algorithm. This way, when the n
closest corpus vectors are recalled, corpus vectors with close semantics but without text
co-occurrence attributes will not be lost, thereby ensuring the recall accuracy. Subsequently,
a target corpus vector is determined based on a confidence level, thereby ensuring the
accuracy of the answer. In addition, since the preset corpus comprises the initial corpus, and
the initial corpus adopts an inverted chain index, the recall efficiency for recalling the n

closest corpus vectors using the KNN algorithm can be ensured and improved.

[00170] It should be noted that each part or step described in the embodiments of the present
specification may be divided into more parts or steps, or two or more parts or steps or some
operations of the parts or steps may be combined into a new part or step, to achieve the goal

of the embodiments of the present specification.

[00171] The above methods according to the embodiments of the present specification may
be implemented in hardware and firmware, or may be implemented as software or computer
code stored in a storage medium (e.g., CD ROM, RAM, a floppy disk, a hard disk, or a
magneto-optical disk), or may be implemented as computer code that is downloaded from the
Internet, originally stored in a remote storage medium or non-transient machine readable
medium, and will be stored in a local storage medium. Therefore, the method described in the
specification may be processed by software stored on a storage medium for a general-purpose
computer, a special-purpose computer, or a programmable or special-purpose hardware (e.g.,
ASIC or FPGA). It should be understood that the computer, the processor, a controller of a

micro-processor, or programmable hardware comprises a storage component capable of
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storing or receiving software or computer code (e.g., RAM, ROM, flash memory, etc.). When
the software or computer code is accessed and executed by the computer, the processor, or
the hardware, the corpus generating methods or the human-machine interaction processing
methods described in the specification are implemented. In addition, when a general-purpose
computer accesses the code used for implementing the corpus generating method or the
human-machine interaction processing method illustrated in the specification, the execution
of the code transforms the general-purpose computer into a special-purpose computer for
implementing the corpus generating methods or the human-machine interaction processing

methods illustrated in the specification.

[00172] One of ordinary skill in the art should understand that the units and method steps in
each example described with reference to the embodiments of the present specification may
be implemented by electronic hardware or a combination of computer software and electronic
hardware. Whether these functions are implemented in a hardware manner or a software
manner depends on applications and design restrictions of the technical solutions. One of
ordinary skill in the art may implement the described functions using different methods for
each application, but such implementation may not be deemed exceeding the scope of the

embodiments of the application.

[00173] The above-described implementation manners are only used to describe the
embodiments of the application, rather than limiting the embodiments of the application.
Various modifications and variations may be made by one of ordinary skill in the art without
departing from the spirit and scope of the embodiments of the application. Therefore, all
equivalent technical solutions shall fall in the scope of the embodiments of the application,

and the protection scope of the embodiments of the application shall be subject to the claims.
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What is claimed is:

1. A corpus generating method, implementable by a computing device, the method
comprising:

generating a corpus vector according to corpus content;

determining a vector type of the corpus vector; and

generating, according to the vector type and the corpus vector, a corpus having an
inverted chain index.

2. The method according to claim 1, wherein the generating a corpus vector according to
corpus content comprises:

determining a word segmentation result of the corpus content, the word segmentation
result including a plurality of words;

determining word vectors corresponding to the words in the word segmentation result;
and

generating the corpus vector corresponding to the corpus content according to the word
vectors corresponding to the words in the word segmentation result.

3. The method according to claim 2, wherein the determining word vectors
corresponding to the words in the word segmentation result comprises: searching a preset
word vector library to determine the word vectors corresponding to the words in the word
segmentation result.

4. The method according to claim 2, wherein the generating the corpus vector
corresponding to the corpus content according to the word vectors corresponding to the
words in the word segmentation result comprises:

summing the word vectors corresponding to the words in the word segmentation result to
generate the corpus vector.

5. The method according to claim 1, wherein the determining a vector type of the corpus
vector comprises: determining the vector type of the corpus vector through Product
Quantization.

6. The method according to claim 5, further comprising generating a plurality of corpus
vectors, and wherein the determining the vector type of the corpus vector through Product
Quantization comprises:

dividing each corpus vector into k sub-vectors, and forming k sub-vector sets, wherein k

is a positive integer equal to or greater than one;
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clustering each of the sub-vector sets using a clustering algorithm, and generating m
class centers for each of the sub-vector sets, wherein m is a positive integer equal to or
greater than one;

determining a class center to which each sub-vector of each corpus vector belongs; and

determining a vector type of the corpus vector according to the class centers to which the
k sub-vectors of the each corpus vector belong.

7. The method according to claim 6, wherein the generating, according to the vector type
and the corpus vector, a corpus having an inverted chain index comprises:

generating the corpus having the inverted chain index according to record data, each
piece of the record data including corpus vectors having a same vector type and the
corresponding vector type.

8. The method according to claim 1, further comprising:

generating an incremental corpus vector according to incremental corpus content;

generating an incremental corpus having a tile index according to the incremental corpus
vector; and

forming a new corpus based on the corpus and the incremental corpus.

9. A corpus generating apparatus, comprising: one or more processors and one or more
non-transitory computer-readable memories coupled to the one or more processors and
configured with instructions executable by the one or more processors to cause the apparatus
to perform operations comprising:

generating a corpus vector according to corpus content;

determining a vector type of the corpus vector; and

generating, according to the vector type and the corpus vector, a corpus having an
inverted chain index.

10. The apparatus according to claim 9, wherein the generating a corpus vector
according to corpus content comprises:

determining a word segmentation result of the corpus content, the word segmentation
result including a plurality of words;

determining word vectors corresponding to the words in the word segmentation result;
and

generating the corpus vector corresponding to the corpus content according to the word

vectors corresponding to the words in the word segmentation result.
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11. The apparatus according to claim 10, wherein the determining word vectors
corresponding to the words in the word segmentation result comprises: searching a preset
word vector library to determine the word vectors corresponding to the words in the word
segmentation result.

12. The apparatus according to claim 10, wherein the generating the corpus vector
corresponding to the corpus content according to the word vectors corresponding to the
words in the word segmentation result comprises:

summing the word vectors corresponding to the words in the word segmentation result to
generate the corpus vector.

13. The apparatus according to claim 9, wherein the determining a vector type of the
corpus vector comprises: determining the vector type of the corpus vector through Product
Quantization.

14. The apparatus according to claim 13, wherein the operations further comprise:
generating a plurality of corpus vectors, and wherein the determining the vector type of the
corpus vector through Product Quantization comprises:

dividing each corpus vector into k sub-vectors, and forming k sub-vector sets, wherein k
is a positive integer equal to or greater than one;

clustering each of the sub-vector sets using a clustering algorithm, and generating m
class centers for each of the sub-vector sets, wherein m is a positive integer equal to or
greater than one;

determining a class center to which each sub-vector of each corpus vector belongs; and

determining a vector type of the corpus vector according to the class centers to which the
k sub-vectors of the each corpus vector belong.

15. The apparatus according to claim 14, wherein the generating, according to the vector
type and the corpus vector, a corpus having an inverted chain index comprises:

generating the corpus having the inverted chain index according to record data, each
piece of the record data including corpus vectors having a same vector type and the
corresponding vector type.

16. A human-machine interaction processing method, comprising:

generating a human-machine interaction input vector according to a human-machine
interaction input;

determining, according to the human-machine interaction input vector, n closest corpus

vectors from a corpus, wherein n is a positive integer equal to or greater than one;
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determining a confidence level of corpus content corresponding to each of the n closest
corpus vectors, and determining target corpus content according to the confidence levels; and

generating a response corresponding to the human-machine interaction input according
to the target corpus content.

17. The method according to claim 16, further comprising:

determining, according to the human-machine interaction input vector, a first number of
closest corpus vectors from the corpus; and

determining, according to the human-machine interaction input vector, a second number
of closest incremental corpus vectors from an incremental corpus, wherein the first number
and the second number both are a positive integer equal to or greater than one, and a sum of
the first number and the second number is n.

18. The method according to claim 17, wherein the determining, according to the
human-machine interaction input vector, a first number of closest corpus vectors from the
COrpus comprises:

dividing the human-machine interaction input vector into k sub-vectors;

determining class centers to which the k sub-vectors of the human-machine interaction
input vector belong using a clustering algorithm, and determining a vector type of the
human-machine interaction input vector according to the class centers of the k sub-vectors;
and

searching the inverted chain index of the corpus according to the vector type of the
human-machine interaction input vector to determine the first number of closest corpus
vectors.

19. The method according to claim 17, wherein the determining, according to the
human-machine interaction input vector, a second number of closest incremental corpus
vectors from the incremental corpus comprises:

searching a tile index of the incremental corpus according to the human-machine
interaction input vector to determine the second number of closest incremental corpus
vectors.

20. The method according to claim 16, wherein the determining a confidence level of
corpus content corresponding to each of the n closest corpus vectors, and determining target
corpus content according to the confidence levels comprises:

determining, according to the n closest corpus vectors, n pieces of corpus content each

corresponding to one of the n closest corpus vectors;
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calculating a text granularity similarity and keyword matching degree between each of
the n pieces of corpus content and the human-machine interaction input data, respectively;

determining the confidence level of each of the n pieces of corpus content according to
the text granularity similarity and keyword matching degree; and

determining the corpus content having the highest confidence level as the target corpus

content.
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