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Method and system for generation of candidate translations

CROSS REFERENCE TO RELATED PATENT APPLICATIONS

This application claims priority to Chinese Patent Application No. 201510527159.3,
filed on August 25, 2015, entitled “Method and system for generation of candidate

translations,” which is hereby incorporated by reference in its entirety.

TECHNICAL FIELD

The present disclosure relates to the field of machine translation technology,
particularly to methods and devices for generating candidate translations and quantizing

text as well as words.

BACKGROUND

Machine translation refers to the utilization of computing devices to achieve the
translation of text from one language to another language. The software implementing
machine translation is called a machine translation system. With the development and
popularization of computers and the Internet, cultural exchange among people has become
more and more frequent. However, there are language barriers in the new era, and there is
an urgent need for machine translation.

Machine translation can be divided into a rule-based method and a corpus-based
method. The corpus-based methods can be classified into two categories: statistics-based
and example-based methods. For a statistics-based machine translation system, a large
amount of translation rules are defined by human beings. These rules are rewritten into
computer programs to achieve functions of translation. Machine translation based on
translation rules have some features such as high translation quality, high costs, low rule
coverage, ambiguity etc. As computers become more efficient, the statistics-based machine
translation system has dramatically developed since the 1990s, and has gradually become a
core research of machine translation. The statistics-based machine translation system is
trained using a large scale bilingual corpus based on translation training child models

(including translation rule tables, language models, models and other reordering
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discriminant models or formula etc.). ldeal translation text may then be determined based
on scores of these sub-models. Currently, the statistical machine translation methods can be
divided into: word-based, phrase-based, hierarchical phrase-based and syntactic-based
methods. The statistics-based machine translation system is the most common method for
machine translation.

However, existing statistics-based machine translation methods do not reach natural
language semantic levels during the generation of candidate translations of each original
segment. This results in semantic deviations between the original segment and its candidate
translations and in the failure of reaching the same semantic translation effects, thereby
severely reducing the quality of machine translation. For example, the original fragment
includes the "apple" from "the apple product”, and the "apple" is the expression of the
semantics of the term "Apple Inc." If translated into food "apple", a semantic deviation may
occur, thus affecting the overall effect of the original translation.

In summary, statistical machine translation using existing techniques may cause

semantic inconsistency between the original fragments and their translations.

SUMMARY

Implementations herein relate to methods and devices for generating candidate
translations. The implementations may solve problems under the conventional techniques
such as semantic inconsistency of candidate translations. The implementations further
relate to methods and devices for quantizing text and words. This Summary is not intended
to identify all key features or essential features of the claimed subject matter, nor is it
intended to be used alone as an aid in determining the scope of the claimed subject matter.

In implementations, the implementations relate to a method for generating
candidate translations using a statistics-based machine translation system. The method
includes generating, by a computing device, pending candidate translations of text to be
translated based on predetermined translation rules. The computing device may generate
the translation probabilities from the text to be translated to the pending candidate
translations based on features having impacts on translation probabilities of the pending

candidate translations, and a predetermined translation probability prediction model.
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The computing device may select a predetermined number of pending candidate
translations that have the translation probabilities higher than other pending candidate
translations in the pending candidate translations to be the candidate translations of the
text to be translated.

In these implementations, the features may have impacts on the translation
probabilities and include information of degrees of semantic similarity between the text to
be translated and the candidate translations.

In addition, the implementations further relate to a text quantization method. The
method may include acquiring, by a computing device, the text to be quantized, acquiring
the word vectors corresponding to the words of the text to be translated based on a
predetermined correspondence relationship between words in a source language and word
vectors, and generating the text vector of the text to be quantized based on the word
vectors corresponding to the words of the text to be translated, and a predetermined text
vector prediction model of the first language corresponding to a language of the text to be
guantized. In these instances, the word vectors may include word vectors capable of
showing bilingual semantic information, and the text vector may include a text vector
capable of showing bilingual semantic information.

In addition, the implementations further relate to a method for quantizing words.
The method may include reading, by a computing device, a pre-stored parallel corpus,
parsing the sentences in the parallel corpus, acquiring words of the source language and
words of the target language in the parallel corpus, setting word vectors having a first
predetermined dimension for the words of the source language in the parallel corpus,
forming a correspondence relationship to be adjusted between the words of the source
language in the parallel corpus and the word vectors, setting word vectors having a first
predetermined dimension for the words of the target language in the parallel corpus, and
forming a correspondence relationship to be adjusted between the words of an target
language in the parallel corpus and the word vectors.

The computing device may train a predetermined bilingual encoding and decoding
model for text vectors using the parallel corpus. The computing device may adjust the

correspondence relationship to be adjusted between the words of the source language in
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the parallel corpus and the word vectors and the word vectors of the correspondence
relationship to be adjusted between the words of the target language and the word vectors
to learn word vectors capable of showing semantic information in the source language and
word vectors capable of showing semantic information in the target language.

Compared with the prior art, the implementations of the present disclosure have the
following advantages.

The implementations herein relate to methods and devices for generating candidate
translations using a statistics-based machine translation system. The implementations
include generating, by a computing device, the translation probabilities from the text to be
translated to the pending candidate translations based on features having impacts on
translation probabilities of the pending candidate translations, and a predetermined
translation probability prediction model. The computing device may further select a
predetermined number of pending candidate translations that have the translation
probabilities higher than other pending candidate translations in the pending candidate
translations to be the candidate translations of the text to be translated. In these instances,
the features having impacts on the translation probabilities may include degrees of
semantic similarity between the text to be translated and the candidate translations. The
implementations enable rule-based translations of original fragments of text to reach a
natural language semantic level to evaluate translation quality of the candidate translations,

therefore improving quality of candidate translations.

BRIEF DESCRIPTION OF THE DRAWINGS

The Detailed Description is described with reference to the accompanying figures.
The use of the same reference numbers in different figures indicates similar or identical
items.
FIG. 1 is a flow chart of an illustrative process for generating candidate translations.
FIG. 2 is a flow chart of an illustrative process for calculating a degree of semantic
similarity to generate candidate translations.
FIG. 3 is a flow chart of an illustrative process for generating a text vector of text to be

translated and text vectors of pending candidate translations.
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FIG. 4 is a flow chart of an illustrative process for generating predetermined text vector
prediction models of the target language and the source language.

FIG. 5 is a diagram illustrating a bilingual text vector prediction model.

FIG. 6 is a flow chart of an illustrative process for the operation S403 as described in
FIG. 4.

FIG. 7 is a schematic diagram of an illustrative computing device that enables
generation of candidate translations.

FIG. 8 is a schematic diagram of illustrative modules that enable generation of
candidate translations.

FIG. 9 is another schematic diagram of illustrative modules that enable generation of
candidate translations.

FIG. 10 is yet another schematic diagram of illustrative modules that enable generation
of candidate translations.

FIG. 11 is a schematic diagram of an illustrative electronic device in accordance with
implementations of the present disclosure.

FIG. 12 is a flow chart of an illustrative process for quantizing text.

FIG. 13 is a flow chart of an illustrative process for generating a text vector prediction
model for text in a first language.

FIG. 14 is a flow chart of an illustrative process for the operation S1303 as described in
FIG. 13.

FIG. 15 is a schematic diagram of an illustrative computing device that enabled
guantizing of text.

FIG. 16 is another schematic diagram of an illustrative computing device that enables
guantizing of text.

FIG. 17 is another schematic diagram of an illustrative electronic device in accordance
with implementations of the present disclosure.

FIG. 18 is a flow chart of an illustrative process for quantizing words.

FIG. 19 is a flow chart of an illustrative process for the operation S1804 as described in

FIG. 18.
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FIG. 20 is yet another schematic diagram of an illustrative computing device that
enables quantizing of words.

FIG. 21 is a schematic diagram of an illustrative computing module of the training
module 2007 as described in FIG. 20.

FIG. 22 is yet another schematic diagram of an illustrative electronic device in

accordance with implementations of the present disclosure.

DETAILED DESCRIPTION

In the following description, numerous specific details are set forth in order to fully
understand the present disclosure. However, the present disclosure can be implemented in
many other ways than described herein. Those skilled in the art can make similar expansion
without departing from the present disclosure. This present disclosure is therefore not
limited in the specific embodiments disclosed below.

In implementations, the implementations relate to a method for generating
candidate translations using a statistics-based machine translation system. The method
includes generating, by a computing device, pending candidate translations of text to be
translated based on predetermined translation rules. The computing device may generate
the translation probabilities from the text to be translated to the pending candidate
translations based on features having impacts on translation probabilities of the pending
candidate translations, and a predetermined translation probability prediction model.

The computing device may select a predetermined number of pending candidate
translations that have the translation probabilities higher than other pending candidate
translations in the pending candidate translations to be the candidate translations of the
text to be translated.

In these implementations, the features may have impacts on the translation
probabilities and include information of degrees of semantic similarity between the text to
be translated and the candidate translations.

In implementations, the computing device may generate the pending candidate
translations of the text to be translated based on features having impacts on translation

probabilities of the pending candidate translations and a predetermined translation
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probability prediction model. In these instances, the computing device may determine
whether a translation rule of the predetermined translation rules is applicable to the text to
be translated for each translation rule of the predetermined translation rules.

If the determination result is “YES”, the computing device may generate a pending
candidate translation of the text to be translated based on the translation rule.

In implementations, the features having the impacts on the translation probabilities
further include at least one of translation probabilities of phrases from the text to be
translated and the pending candidate translations, translation probabilities of phrases from
the pending candidate translations to the text to be translated, translation probabilities of
words from the text to be translated to the pending candidate translations, translation
probabilities of words from the pending candidate translations to the text to be translated,
or one or more language models of the pending candidate translations, or classification
probabilities of reordering and non-reordering of the text to be translated and the pending
candidate translations.

In implementations, the computing device may implement a linear regression
algorithm and learn a translation probability prediction model from a pre-stored parallel
corpus.

In implementations, the degrees of semantic similarity between the text to be
translated and the pending candidate translations may be calculated by obtaining a text
vector of the text to be translated and text vectors of the pending candidate translations
and by calculating distances between the text vector of the text to be translated and the
text vectors of the pending candidate translations, to be the degrees of semantic similarity
of the text to be translated and the pending candidate translations. In these instances, the
text vector may include a text vector capable of showing bilingual semantic information.

In implementations, the text vector of the text to be translated and the text vectors
of the pending candidate translations are generated by acquiring the word vectors
corresponding to the words of the text to be translated based on a predetermined
correspondence relationship between words of a source language and word vectors and by

acquiring the word vectors corresponding to the words of the pending candidate
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translations based on the predetermined correspondence relationship between the words
of the target language and the word vectors.

The computing device may further generate the text vector of the text to be
translated based on word vectors corresponding to words of the text to be translated, and a
predetermined text vector prediction model of the source language and generate the text
vectors of the pending candidate translations based on the word vectors corresponding to
the words of the pending candidate translations and a predetermined text vector prediction
model of the target language. In these instances, the word vectors include word vectors
capable of showing bilingual semantic information.

In implementations, the computing device may acquire the word vectors
corresponding to the words of the text to be translated based on the predetermined
correspondence relationship between the words of the source language and the word
vectors. In these instances, before the computing device acquires the word vectors
corresponding to the words of the pending candidate translations based on the
predetermined correspondence relationship between the words of the target language and
the word vectors, the computing device may parse the text to be translated, acquire the
words of the text to be translated, parsing the pending candidate translations, and/or
acquiring the words of the pending candidate translations.

In implementations, the predetermined text vector prediction models of the target
language and the source language are generated by reading a pre-stored parallel corpus,
setting a training goal as to maximize average translation probabilities of sentences in the
parallel corpus between the target language and the corresponding source language as
background, training a predetermined bilingual encoding and decoding model for text
vectors, desighating an encoding part of the bilingual encoding and decoding model for text
vectors after training as the predetermined text vector prediction model of the source
language, and by designhating a reverse model of the encoding part of the trained bilingual
encoding and decoding model for text vectors as the predetermined text vector prediction
model of the target language.

In these instances, an input layer of the bilingual encoding and decoding model for

text vectors may include words of sentences of the source language and the word vectors
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corresponding to the words of the sentences of the source language, an output layer of the
bilingual encoding and decoding model for text vectors may include words of sentences of
the target language and word vectors corresponding to the words of the sentences of the
target language. The input layer of the encoding part may include text vectors of the
sentences of the source language, and the text vectors of the sentences of the source
language may include the input layer of the encoding part.

In implementations, the computing device may set the training goal as to maximize
average translation probabilities of the sentences in the parallel corpus between the target
language and the corresponding source language as background. In these instances, before
the computing device trains the predetermined bilingual encoding and decoding model for
text vectors, the computing device may parse the sentences in the parallel corpus, acquire
words of the source language and words of the target language in the parallel corpus, and
set word vectors having a first predetermined dimension for the words of the source
language in the parallel corpus. The computing device may further form a correspondence
relationship to be adjusted between the words of the source language in the parallel corpus
and the word vectors, set word vectors having a first predetermined dimension for the
words of the target language in the parallel corpus, and form a correspondence relationship
to be adjusted between the words of the target language in the parallel corpus and the
word vectors.

In implementations, the computing device may set the training goal as to maximize
average translation probabilities of the sentences in the parallel corpus between the target
language and the corresponding source language as background and may train the
predetermined bilingual encoding and decoding model for the text vectors. In these
instances, to implement these operations, the computing device may traverse sentence
pairs of parallel corpus sentences of the parallel corpus sentence and calculate translation
probabilities between sentences of the target language of the sentence pairs of parallel
corpus sentences and corresponding sentences in the source language as the background
based on the correspondence relationship to be adjusted between the words of the source
language in the parallel corpus and the word vectors, the correspondence relationship to be

adjusted between the words of the target language and the word vectors, and the
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predetermined bilingual encoding and decoding model for text vector. The computing
device may further calculate an average value of the translation probabilities between the
sentences in the target language of the sentence pairs of parallel corpus sentences and the
corresponding sentences in the source language as the background, to be an average
translation probability. The computing device may further determine whether the average
translation probability is greater than a previous average translation probability.

If the determination result is “YES”, the computing device may adopt an optimization
algorithm, update the word vectors and the connection weights of the predetermined
bilingual encoding and decoding model for text vectors, and re-traverse the sentence pairs
of parallel corpus sentences of the parallel corpus sentences.

If the determination result is “NO”, the computing device may designate the
adjusted correspondence relationship to be adjusted between the words of the source
language and the word vectors as the predetermined correspondence relationship between
the words of the source language and the word vectors and designate the adjusted
correspondence relationship to be adjusted between the words of the target language and
the word vectors as the predetermined correspondence relationship between the words of
the target language and the word vectors.

In implementations, the computing device may adopt the optimization algorithm.
For example, the computing device may adopt a stochastic gradient algorithm. In these
instances, the adopting an optimization algorithm, and updating the word vectors and the
connection weights of the predetermined bilingual encoding and decoding model for text
vectors may be implemented by the following operations.

The computing device may calculate the word vectors and a gradient of the
connection weights of the predetermined bilingual encoding and decoding model for text
vectors based on a predetermined learning rate and an equation of the average translation
probability. Further, the computing device may update the word vectors and the
connection weights of the predetermined bilingual encoding and decoding model for text
vectors based on the word vectors and a gradient of the connection weights of the

predetermined bilingual encoding and decoding model for text vectors.
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In implementations, the predetermined bilingual encoding and decoding model for
text vectors is a bilingual encoding and decoding model for text vectors based on a
recurrent neural network.

In implementations, the translation probabilities between sentences of the target
language of the sentence pairs of parallel corpus sentences and corresponding sentences in

the source language as the background are calculated using an equation:

T.
p(le) = Htil p(Yt|{Y1; Yo ---;yt—l}; C):

wherein x is a vector sequence of the sentences in the source language, X = (x1, X3, ... ,xTx),

y is a vector sequence of the sentences in the target language, y = (v4,V, ...,yTy), c is the

text vector of the sentences in the source language and is formed by each hidden state of
timings in the encoding parts, ¢ = q({hl, h,, ...,hTX}), h;indicates the hidden state of timing
t of the encoding parts and relates to a current word and a previous hidden state of a
sentence in the source language, hy = f(x, hi_1), p(V¢l{y1, V2, ..., Ve—1}, ©) is a text vector of
the sentence in the source language and a likelihood probability of y,in the background of
{v1, V2, ..., ¥¢—1} and relates to a previous word of the sentence in the target language, a
current hidden state, and the text vector of the sentence in the source language,
pGel{ye, vz, - Vic1bh ©) = 8(Ft—1, St, ©), S¢indicates the hidden state of timing t of the
decoding parts and relates to the previous word of the sentence in the target language, the
previous hidden state, and a text vector of the sentence in the source language, and s; =
f(yi_1,st_1,€), fand g are non-linear activation functions.

In implementations, distances between text vectors may include a text cosine angle
distance or Euclidean distance.

Further, the implementations relate to a statistics-based machine translation system.
The computing device may include a first generating module configured to generate
pending candidate translations of text to be translated based on predetermined translation
rules; a first calculating module configured to generate the translation probabilities from the
text to be translated to the pending candidate translations based on features having
impacts on translation probabilities of the pending candidate translations, and a
predetermined translation probability prediction model; a selecting module configured to

select a predetermined number of pending candidate translations that have the translation
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probabilities higher than other pending candidate translations in the pending candidate
translations to be the candidate translations of the text to be translated.

In implementations, the features having impacts on the translation probabilities may
include degrees of semantic similarity between the text to be translated and the candidate
translations.

In implementations, the first generating module may include a determining sub-
module configured to determine whether a translation rule of the predetermined
translation rules is applicable to the text to be translated for each translation rule of the
predetermined translation rules; a generating sub-module configured to generate a pending
candidate translation of the text to be translated based on the translation rule if the
determination result is “YES”.

In implementations, the system may further include a second calculating module
configured to calculate degrees of semantic similarity of the text to be translated and the
pending candidate translations.

In implementations, the second calculating module may include an acquiring sub-
module configured to obtain a text vector of the text to be translated, and text vectors of
the pending candidate translations; a computing sub-module configured to calculate
distances between the text vector of the text to be translated and the text vectors of the
pending candidate translations to be the degrees of semantic similarity of the text to be
translated and the pending candidate translations. In these instances, the text vector may
include a text vector capable of showing bilingual semantic information.

In implementations, the system may further include a second generating module
configured to generate the text vector of the text to be translated and the text vectors of
the pending candidate translations.

In implementations, the second generating module may include an acquiring sub-
module configured to acquire the word vectors corresponding to the words of the text to be
translated based on a predetermined correspondence relationship between words of a
source language and word vectors and to acquire the word vectors corresponding to the
words of the pending candidate translations based on the predetermined correspondence

relationship between the words of the target language and the word vectors; a generating
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sub-module configured to generate the text vector of the text to be translated based on the
word vectors corresponding to the words of the text to be translated, and a predetermined
text vector prediction model of the source language and to generate the text vectors of the
pending candidate translations based on the word vectors corresponding to the words of
the pending candidate translations, and a predetermined text vector prediction model of
the target language. In these instances, the word vectors may include word vectors capable
of showing bilingual semantic information.

In implementations, the second generating module may include a parsing sub-
module configured to parse the text to be translated, acquire the words of the text to be
translated, parse the pending candidate translations, and/or acquire the words of the
pending candidate translations.

In implementations, the system may include a third generating module configured to
generate the predetermined text vector prediction models of the target language and the
source language.

In implementations, the third generating module may include a reading sub-module
configured to read a pre-stored parallel corpus; a training sub-module configured to set a
training goal as to maximize average translation probabilities of sentences in the parallel
corpus between the target language and the corresponding source language as background
and to train a predetermined bilingual encoding and decoding model for text vectors; a
setting sub-module configured to designate an encoding part of the bilingual encoding and
decoding model for text vectors as the predetermined text vector prediction model of the
source language and to designate a reverse model of the encoding part of the trained
bilingual encoding and decoding model for text vectors as the predetermined text vector
prediction model of the target language. In these instances, an input layer of the bilingual
encoding and decoding model for text vectors may include words of sentences of the source
language and the word vectors corresponding to the words of the sentences of the source
language. An output layer of the bilingual encoding and decoding model for text vectors
may include words of sentences of the target language and word vectors corresponding to

the words of the sentences of the target language. The input layer of the encoding part may
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include text vectors of the sentences of the source language, and the text vectors of the
sentences of the source language may include the input layer of the encoding part.

In implementations, the third generating module may include a parsing sub-module
configured to parse sentences in the parallel corpus and to acquire words of the source
language and words of the target language in the parallel corpus; an initializing sub-module
configured to set word vectors having a first predetermined dimension for the words of the
source language in the parallel corpus, form a correspondence relationship to be adjusted
between the words of the source language in the parallel corpus and the word vectors, set
word vectors having a first predetermined dimension for the words of the target language in
the parallel corpus, and form a correspondence relationship to be adjusted between the
words of the target language in the parallel corpus and the word vectors.

In implementations, the training module may include a first calculating sub-module
configured to traverse sentence pairs of parallel corpus sentences of the parallel corpus
sentences and to calculating translation probabilities between sentences of the target
language of the sentence pairs of parallel corpus sentences and corresponding sentences in
the source language as the background based on the correspondence relationship to be
adjusted between the words of the source language in the parallel corpus and the word
vectors, the correspondence relationship to be adjusted between the words of the target
language and the word vectors, and the predetermined bilingual encoding and decoding
model for text vector; a second calculating sub-module configured to calculate an average
value of the translation probabilities between sentences in the target language of the
sentence pairs of parallel corpus sentences and corresponding sentences in the source
language as the background to be an average translation probability; and a determining sub-
module configured to determine whether the average translation probability is greater than
a previous average translation probability.

If the determination result is “YES”, the determining sub-module may adopt an
optimization algorithm, update the word vectors and the connection weights of the
predetermined bilingual encoding and decoding model for text vectors, and re-traverse the

sentence pairs of parallel corpus sentences of the parallel corpus sentences.
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If the determination result is “NO”, the determining sub-module may designate the
adjusted correspondence relationship to be adjusted between the words of the source
language and the word vectors as the predetermined correspondence relationship between
the words of the source language and the word vectors and designate the adjusted
correspondence relationship to be adjusted between the words of the target language and
the word vectors as the predetermined correspondence relationship between the words of
the target language and the word vectors.

Further, the implementations further relate to an electronic device for generating
candidate translations. The electronic device may include a display; one or more
processors; and memory. For example, the memory may store instructions for generating
candidate translations, and when the instructions are processed by the one or more
processors, the electronic device may implement the following operations. The electronic
device may generate pending candidate translations of text to be translated based on
predetermined translation rules. Further the electronic device may generate the translation
probabilities from the text to be translated to the pending candidate translations based on
features having impacts on translation probabilities of the pending candidate translations,
and a predetermined translation probability prediction model. The electronic device may
further select a predetermined number of pending candidate translations that have the
translation probabilities higher than other pending candidate translations in the pending
candidate translations to be the candidate translations of the text to be translated. In these
instances, the features having impacts on the translation probabilities may include degrees
of semantic similarity between the text to be translated and the candidate translations.

In addition, the implementations further relate to a text quantization method. The
method may include acquiring, by a computing device, the text to be quantized, acquiring
the word vectors corresponding to the words of the text to be translated based on a
predetermined correspondence relationship between words in a source language and word
vectors, and generating the text vector of the text to be quantized based on the word
vectors corresponding to the words of the text to be translated, and a predetermined text
vector prediction model of the first language corresponding to a language of the text to be

guantized. In these instances, the word vectors may include word vectors capable of
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showing bilingual semantic information, and the text vector may include a text vector
capable of showing bilingual semantic information.

In implementations, before the computing device may acquire the word vectors
corresponding to words of the text to be translated based on a predetermined
correspondence relationship between the words and the word vectors, the computing
device may parse the text to be quantized, acquiring the words of the text to be quantized.

In implementations, the text vector prediction mode of the first language is
generated by reading a pre-stored parallel corpus, setting a training goal as to maximize
average translation probabilities of sentences in the parallel corpus between the target
language and the corresponding source language as background, and training a
predetermined bilingual encoding and decoding model for text vectors.

If the language of the text to be quantized is the source language, the computing
device may designate an encoding part of the bilingual encoding and decoding model for
text vectors as the text vector prediction model of the first language.

If the language of the text to be quantized is the target language, the computing
device may designate a reverse model of the encoding part of the trained bilingual encoding
and decoding model for text vectors as the text vector prediction model of the first
language. In these instances, an input layer of the bilingual encoding and decoding model
for text vectors may include words of sentences of the source language and the word
vectors corresponding to the words of the sentences of the source language, and an output
layer of the bilingual encoding and decoding model for text vectors may include words of
sentences of the target language and word vectors corresponding to the words of the
sentences of the target language. The input layer of the encoding part may include text
vectors of the sentences of the source language, and the text vectors of the sentences of
the source language may include the input layer of the encoding part.

In implementations, the computing device may set the training goal as to maximize
average translation probabilities of the sentences in the parallel corpus between the target
language and the corresponding source language as background. In these instances, before
the computing device trains the predetermined bilingual encoding and decoding model for

text vectors, the computing device may parse the sentences in the parallel corpus, acquire
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words of the source language and words of the target language in the parallel corpus, set
word vectors having a first predetermined dimension for the words of the source language
in the parallel corpus, form a correspondence relationship to be adjusted between the
words of the source language in the parallel corpus and the word vectors, set word vectors
having a first predetermined dimension for the words of the target language in the parallel
corpus, and form a correspondence relationship to be adjusted between the words of the
target language in the parallel corpus and the word vectors.

In implementations, the computing device may set the training goal as to maximize
average translation probabilities of the sentences in the parallel corpus between the target
language and the corresponding source language as background and train the
predetermined bilingual encoding and decoding model for the text vectors. In these
instances, the computing device may traverse sentence pairs of parallel corpus sentences of
the parallel corpus sentence, calculate translation probabilities between sentences of the
target language of the sentence pairs of parallel corpus sentences and corresponding
sentences in the source language as the background based on the correspondence
relationship to be adjusted between the words of the source language in the parallel corpus
and the word vectors, the correspondence relationship to be adjusted between the words
of the target language and the word vectors, and the predetermined bilingual encoding and
decoding model for text vector, and calculate an average value of the translation
probabilities between the sentences in the target language of the sentence pairs of parallel
corpus sentences and the corresponding sentences in the source language as the
background to be an average translation probability. Further, the computing device may
determine whether the average translation probability is greater than a previous average
translation probability.

If the determination result is “YES”, the computing device may adopt an optimization
algorithm, update the word vectors and the connection weights of the predetermined
bilingual encoding and decoding model for text vectors, and re-traverse the sentence pairs
of parallel corpus sentences of the parallel corpus sentences.

If the determination result is “NO”, the computing device may designate the

adjusted correspondence relationship to be adjusted between the words of the source
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language and the word vectors as the predetermined correspondence relationship between
the words of the source language and the word vectors if the language of the text to be
guantized is the source language. If the language of the text to be quantized is the target
language, the computing device may designate the adjusted correspondence relationship to
be adjusted between the words of the target language and the word vectors as the
predetermined correspondence relationship between the words of the target language and
the word vectors.

In implementations, the adopting the optimization algorithm may include adopting a
stochastic gradient algorithm. The adopting an optimization algorithm and updating the
word vectors and the connection weights of the predetermined bilingual encoding and
decoding model for text vectors may be implemented by the following operations. The
computing device may calculating the word vectors and a gradient of the connection
weights of the predetermined bilingual encoding and decoding model for text vectors based
on a predetermined learning rate and an equation of the average translation probability,
and then update the word vectors and the connection weights of the predetermined
bilingual encoding and decoding model for text vectors based on the word vectors and the a
gradient of the connection weights of the predetermined bilingual encoding and decoding
model for text vectors.

In implementations, the predetermined bilingual encoding and decoding model for
text vectors is a bilingual encoding and decoding model for text vectors based on a
recurrent neural network.

In implementations, the translation probabilities between sentences of the target
language of the sentence pairs of parallel corpus sentences and corresponding sentences in

the source language as the background are calculated using an equation:

P10 = [17, PGel 1, Vs s Ye1 3 ©),
wherein x is a vector sequence of the sentences in the source language, X = (x1, X3, ... ,xTx),
y is a vector sequence of the sentences in the target language, y = (v4,V, ...,yTy), c is the
text vector of the sentences in the source language and is formed by each hidden state of
timings in the encoding parts, ¢ = q({hl, h,, ...,hTX}), h;indicates the hidden state of timing

t of the encoding parts and relates to a current word and a previous hidden state of a
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sentence in the source language, hy = f(x,, hi—1), PG l{y1, V2 ) Vi—1}, C) is a text vector of
the sentence in the source language and a likelihood probability of y,in the background of
{v1,¥,, ..., ¥s—1} and relates to a previous word of the sentence in the target language, a
current hidden state, and the text vector of the sentence in the source language,
PV {VL V2, - Vi1, ©) = 8(Vi—1, St ©), Scindicates the hidden state of timing t of the
decoding parts and relates to the previous word of the sentence in the target language, the
previous hidden state, and a text vector of the sentence in the source language, and s; =
f(yi_1,st_1,€), fand g are non-linear activation functions.

Further, the implementations further relate to a device for quantizing text. The
device may include an acquiring module configured to acquire the text to be quantized; a
mapping module configured to acquire the word vectors corresponding to the words of the
text to be translated based on a predetermined correspondence relationship between
words in a source language and word vectors; a predicting module configured to generate
the text vector of the text to be quantized based on the word vectors corresponding to the
words of the text to be translated, and a predetermined text vector prediction model of the
first language corresponding to a language of the text to be quantized. In these instances,
the word vectors may include word vectors capable of showing bilingual semantic
information, and the text vector may include a text vector capable of showing bilingual
semantic information.

In implementations, the device may further include a parsing module configured to
parse the text to be translated and acquire the words of the text to be quantized.

In implementations, the device may further include a generating module configured
to generate a text vector prediction model of the first [anguage.

In implementations, the generating module may include a reading sub-module
configured to read a pre-stored parallel corpus; a training sub-module configured to set a
training goal as to maximize average translation probabilities of sentences in the parallel
corpus between the target language and the corresponding source language as background
and train a predetermined bilingual encoding and decoding model for text vectors; a setting
sub-module configured to designate an encoding part of the bilingual encoding and

decoding model for text vectors as the text vector prediction model of the first language if
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the language of the text to be quantized is the source language. If the language of the text
to be quantized is the target language, the setting sub-module may designate a reverse
model of the encoding part of the trained bilingual encoding and decoding model for text
vectors, as the text vector prediction model of the first language. In these instances, an
input layer of the bilingual encoding and decoding model for text vectors may include words
of sentences of the source language and the word vectors corresponding to the words of
the sentences of the source language, and an output layer of the bilingual encoding and
decoding model for text vectors may include words of sentences of the target language and
word vectors corresponding to the words of the sentences of the target language. The input
layer of the encoding part may include text vectors of the sentences of the source language,
and the text vectors of the sentences of the source language may include the input layer of
the encoding part.

In implementations, the generating module further may include a parsing sub-
module configured to parse sentences in the parallel corpus and acquire words of the
source language and words of the target language in the parallel corpus; an initializing sub-
module configured to set word vectors having a first predetermined dimension for the
words of the source language in the parallel corpus, forming a correspondence relationship
to be adjusted between the words of the source language in the parallel corpus and the
word vectors, set word vectors having a first predetermined dimension for the words of the
target language in the parallel corpus, and form a correspondence relationship to be
adjusted between the words of the target language in the parallel corpus and the word
vectors.

In implementations, the training module may include a first calculating sub-module
configured to traverse sentence pairs of parallel corpus sentences of the parallel corpus
sentences, calculate translation probabilities between sentences of the target language of
the sentence pairs of parallel corpus sentences and corresponding sentences in the source
language as the background based on the correspondence relationship to be adjusted
between the words of the source language in the parallel corpus and the word vectors, the
correspondence relationship to be adjusted between the words of the target language and

the word vectors, and the predetermined bilingual encoding and decoding model for text
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vector; a second calculating sub-module configured to calculate an average value of the
translation probabilities between sentences in the target language of the sentence pairs of
parallel corpus sentences and corresponding sentences in the source language as the
background, to be an average translation probability; a determining sub-module configured
to determine whether the average translation probability is greater than a previous average
translation probability.

If the determination result is “YES”, the determining sub-module may adopt an
optimization algorithm, update the word vectors and the connection weights of the
predetermined bilingual encoding and decoding model for text vectors, and re-traverse the
sentence pairs of parallel corpus sentences of the parallel corpus sentences.

If the determination result is “NO”, the setting sub-module may be configured to
designate the adjusted correspondence relationship to be adjusted between the words of
the source language and the word vectors as the predetermined correspondence
relationship between the words of the source language and the word vectors if the language
of the text to be quantized is the source language. If the language of the text to be
guantized is the target language, the setting sub-module may desighate the adjusted
correspondence relationship to be adjusted between the words of the target language and
the word vectors as the predetermined correspondence relationship between the words of
the target language and the word vectors.

Accordingly, the implementations further relate to an electronic device for
generating candidate translations. The electronic device may include a display, one or more
processors, and memory, wherein the memory store instructions for generating candidate
translations, when the instructions are processed by the one or more processors, the
electronic device may perform the following operations. The electronic device may acquire
the text to be quantized, acquire the word vectors corresponding to the words of the text to
be translated based on a predetermined correspondence relationship between words in a
source language and word vectors, and generate the text vector of the text to be quantized
based on the word vectors corresponding to the words of the text to be translated, and a
predetermined text vector prediction model of the first language corresponding to a

language of the text to be quantized. In these instances, the word vectors may include word
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vectors capable of showing bilingual semantic information. The text vector may include a
text vector capable of showing bilingual semantic information.

In addition, the implementations further relate to a method for quantizing words.
The method may include reading, by a computing device, a pre-stored parallel corpus,
parsing the sentences in the parallel corpus, acquiring words of the source language and
words of the target language in the parallel corpus, setting word vectors having a first
predetermined dimension for the words of the source language in the parallel corpus,
forming a correspondence relationship to be adjusted between the words of the source
language in the parallel corpus and the word vectors, setting word vectors having a first
predetermined dimension for the words of the target language in the parallel corpus, and
forming a correspondence relationship to be adjusted between the words of an target
language in the parallel corpus and the word vectors.

The computing device may train a predetermined bilingual encoding and decoding
model for text vectors using the parallel corpus. The computing device may adjust the
correspondence relationship to be adjusted between the words of the source language in
the parallel corpus and the word vectors and the word vectors of the correspondence
relationship to be adjusted between the words of the target language and the word vectors
to learn word vectors capable of showing semantic information in the source language and
word vectors capable of showing semantic information in the target language.

In implementations, the bilingual prediction model for text vectors is a bilingual
encoding and decoding model for text vectors. The computing device may train a
predetermined bilingual encoding and decoding model for text vectors using the parallel
corpus. The computing device may further adjust the correspondence relationship to be
adjusted between the words of the source language in the parallel corpus and the word
vectors and the word vectors of the correspondence relationship to be adjusted between
the words of the target language and the word vectors to learn word vectors capable of
showing semantic information in the source language and word vectors capable of showing
semantic information in the target language. In these instances, the computing device may
set a training goal as to maximize average translation probabilities of sentences in the

parallel corpus between the target language and the corresponding source language as
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background, and train the predetermined bilingual encoding and decoding model for the
text vectors, adjust the correspondence relationship to be adjusted between the words of
the source language in the parallel corpus and the word vectors and the word vectors of the
correspondence relationship to be adjusted between the words of the target language and
the word vectors, and acquire the word vectors capable of showing semantic information in
the source language and the word vectors capable of showing semantic information in the
target language.

In implementations, an input layer of the bilingual encoding and decoding model for
text vectors may include words of sentences of the source language and the word vectors
corresponding to the words of the sentences of the source language, an output layer of the
bilingual encoding and decoding model for text vectors may include words of sentences of
the target language and word vectors corresponding to the words of the sentences of the
target language, the input layer of the encoding part may include text vectors of the
sentences of the source language, and the text vectors of the sentences of the source
language may include the input layer of the encoding part.

In implementations, the computing device may set the training goal as to maximize
average translation probabilities of the sentences in the parallel corpus between the target
language and the corresponding source language as background, train the predetermined
bilingual encoding and decoding model for the text vectors, adjust the correspondence
relationship to be adjusted between the words of the source language in the parallel corpus
and the word vectors and the word vectors of the correspondence relationship to be
adjusted between the words of the target language and the word vectors, and acquire the
word vectors capable of showing semantic information in the source language and word
vectors capable of showing semantic information in the target language. In these instances,
the computing device may traverse sentence pairs of parallel corpus sentences of the
parallel corpus sentence, and calculate translation probabilities between sentences of the
target language of the sentence pairs of parallel corpus sentences and corresponding
sentences in the source language as the background based on the correspondence
relationship to be adjusted between the words of the source language and the word

vectors, a correspondence relationship to be adjusted between the words of the target
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language and the word vectors, and the predetermined bilingual encoding and decoding
model for text vector.

Further, the computing device may calculate an average value of the translation
probabilities between the sentences in the target language of the sentence pairs of parallel
corpus sentences and the corresponding sentences in the source language as the
background to be an average translation probability and determine whether the average
translation probability is greater than a previous average translation probability.

If the determination result is “YES”, the computing device may adopt an optimization
algorithm and update the correspondence relationship to be adjusted between the words of
the source language and the word vectors and the word vectors of the correspondence
relationship to be adjusted between the words of the target language and the word vectors,
and connection weights of the bilingual encoding and decoding model for text vectors, and
re-traversing the sentence pairs of parallel corpus sentences of the parallel corpus
sentences.

If the determination result is “NO”, the computing device may design the word
vectors of the adjusted correspondence relationship to be adjusted between the words of
the source language and the word vectors as the word vectors capable of showing semantic
information in the source language and designate the adjusted correspondence relationship
to be adjusted between the words of the target language and the word vectors as the
predetermined correspondence relationship between the words of the target language and
the word vectors as the word vectors capable of showing semantic information in the
source language.

In implementations, the optimization algorithm may include a stochastic gradient
algorithm. The computing device may adopt an optimization algorithm, and updating the
correspondence relationship to be adjusted between the words of the source language and
the word vectors and the word vectors of the correspondence relationship to be adjusted
between the words of the target language and the word vectors, and connection weights of
the bilingual encoding and decoding model for text vectors.

In these instances, the computing device may calculate the correspondence

relationship to be adjusted between the words of the source language and the word vectors
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and a gradient of the word vectors of the correspondence relationship to be adjusted
between the words of the target language and the word vectors, and a gradient of the
connection weights of the bilingual encoding and decoding model for text vectors. Further,
the computing device may update the correspondence relationship to be adjusted between
the words of the source language and the word vectors, the word vectors of the
correspondence relationship to be adjusted between the words of the target language and
the word vectors, and the connection weights of the predetermined bilingual encoding and
decoding model for text vector based on the correspondence relationship to be adjusted
between the words of the source language and the word vectors and the gradient of the
word vectors of the correspondence relationship to be adjusted between the words of the
target language and the word vectors, and a gradient of the connection weights of the
bilingual encoding and decoding model for text vectors.

In implementations, the predetermined bilingual encoding and decoding model for
text vectors is a bilingual encoding and decoding model for text vectors based on a
recurrent neural network.

In implementations, the translation probabilities between sentences of the target
language of the sentence pairs of parallel corpus sentences and corresponding sentences in

the source language as the background are calculated using an equation:

T.
p(le) = til p(Yt|{Y1; Yo ---;Yt—l}; C):

wherein x is a vector sequence of the sentences in the source language, X = (x4, X3, ..., X1,),
y is a vector sequence of the sentences in the target language, vy = (v1,V32, ...,yTy), c is the

text vector of the sentences in the source language and is formed by each hidden state of
timings in the encoding parts, ¢ = q({hl, h,, ...,hTX}), h;indicates the hidden state of timing
t of the encoding parts and relates to a current word and a previous hidden state of a
sentence in the source language, hy = f(x,, h(—1), PG l{y1, V2 ) Vie1}, C) is a text vector of
the sentence in the source language and a likelihood probability of y,in the background of
{v1, V2, ., ¥e—1} and relates to a previous word of the sentence in the target language, a
current hidden state, and the text vector of the sentence in the source language,
PV VL V2, s Vi1, ©) = 8(Vi—1, S0, ©), Scindicates the hidden state of timing t of the

decoding parts and relates to the previous word of the sentence in the target language, the

25



10

15

20

25

WO 2017/035382 PCT/US2016/048751

previous hidden state, and a text vector of the sentence in the source language, and s, =
f(yi_1,st_1,C), fand g are non-linear activation functions.

Further, the implementations further relate to a device for quantizing words. The
device may include a retrieving module configured to read a pre-stored parallel corpus; a
parsing module configured to parse sentences in the parallel corpus, acquiring words of the
source language and words of the target language in the parallel corpus; an initializing
module configured to set word vectors having a first predetermined dimension for the
words of the source language in the parallel corpus, to form a correspondence relationship
to be adjusted between the words of the source language in the parallel corpus and the
word vectors, set word vectors having a first predetermined dimension for the words of the
target language in the parallel corpus, and form a correspondence relationship to be
adjusted between the words of an target language in the parallel corpus and the word
vectors.

The device may further include a training module configured to adjust the
correspondence relationship to be adjusted between the words of the source language in
the parallel corpus and the word vectors and the word vectors of the correspondence
relationship to be adjusted between the words of the target language and the word vectors
to learn word vectors capable of showing semantic information in the source language and
word vectors capable of showing semantic information in the target language based on the
parallel corpus, training a predetermined bilingual encoding and decoding model for text
vectors.

In implementations, the bilingual prediction model for text vectors is a bilingual
encoding and decoding model for text vectors. The device may train a predetermined
bilingual encoding and decoding model for text vectors based on the parallel corpus, adjust
the correspondence relationship to be adjusted between the words of the source language
in the parallel corpus and the word vectors and the word vectors of the correspondence
relationship to be adjusted between the words of the target language and the word vectors
to learn word vectors capable of showing semantic information in the source language and

word vectors capable of showing semantic information in the target language.
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In these instances, the device may set a training goal as to maximize average
translation probabilities of sentences in the parallel corpus between the target language and
the corresponding source language as background, train the predetermined bilingual
encoding and decoding model for the text vectors, adjust the correspondence relationship
to be adjusted between the words of the source language in the parallel corpus and the
word vectors and the word vectors of the correspondence relationship to be adjusted
between the words of the target language and the word vectors, and acquire the word
vectors capable of showing semantic information in the source language and the word
vectors capable of showing semantic information in the target language.

Further, an input layer of the bilingual encoding and decoding model for text vectors
may include words of sentences of the source language and the word vectors corresponding
to the words of the sentences of the source language, an output layer of the bilingual
encoding and decoding model for text vectors may include words of sentences of the target
language and word vectors corresponding to the words of the sentences of the target
language, the input layer of the encoding part may include text vectors of the sentences of
the source language, and the text vectors of the sentences of the source language may
include the input layer of the encoding part.

In implementations, the training module may include a first calculating sub-module
configured to traverse the parallel corpus of sentence pairs of the parallel corpus sentences
and to calculate translation probabilities between sentences of the target language of the
sentence pairs of parallel corpus sentences and corresponding sentences in the source
language as the background based on the correspondence relationship to be adjusted
between the words of the source language and the word vectors, a correspondence
relationship to be adjusted between the words of the target language and the word vectors,
and the predetermined bilingual encoding and decoding model for text vector.

The training module may further include a second calculating sub-module configured
to calculate an average value of the translation probabilities between sentences in the
target language of the sentence pairs of parallel corpus sentences and corresponding
sentences in the source language as the background to be an average translation

probability.
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The training module may further include a determining sub-module configured to
determine whether the average translation probability is greater than a previous average
translation probability.

If the determination result is “YES”, the device may adopt an optimization algorithm,
update the correspondence relationship to be adjusted between the words of the source
language and the word vectors and the word vectors of the correspondence relationship to
be adjusted between the words of the target language and the word vectors, and
connection weights of the hilingual encoding and decoding model for text vectors, and re-
traverse the sentence pairs of parallel corpus sentences of the parallel corpus sentences.

If the determination result is “NO”, the device may design the word vectors of the
adjusted correspondence relationship to be adjusted between the words of the source
language and the word vectors as the word vectors capable of showing semantic
information in the source language, and designate the adjusted correspondence
relationship to be adjusted between the words of the target language and the word vectors
as the predetermined correspondence relationship between the words of the target
language and the word vectors as the word vectors capable of showing semantic
information in the source language.

Further, the implementations further relate to an electronic device for generating
candidate translations. The device may include a display, one or more processors, and
memory. The memory store instructions for generating candidate translations, when the
electronic device is processed by the one or more processors, the electronic device may
perform the following operations.

The electronic device may read a pre-stored parallel corpus, parse the sentences in
the parallel corpus, acquire words of the source language and words of the target language
in the parallel corpus; setting word vectors having a first predetermined dimension for the
words of the source language in the parallel corpus, form a correspondence relationship to
be adjusted between the words of the source language in the parallel corpus and the word
vectors and set word vectors having a first predetermined dimension for the words of the
target language in the parallel corpus, form a correspondence relationship to be adjusted

between the words of an target language in the parallel corpus and the word vectors, train a
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predetermined bilingual encoding and decoding model for text vectors based on the parallel
corpus, and adjusting the correspondence relationship to be adjusted between the words of
the source language in the parallel corpus and the word vectors and the word vectors of the
correspondence relationship to be adjusted between the words of the target language and
the word vectors to learn word vectors capable of showing semantic information in the
source language and word vectors capable of showing semantic information in the target
language.

Implementations herein relate to methods and devices for generating candidate
translations and for quantizing text and words.

The implementations further relate to a method for generating candidate
translations. The implementations reach natural language semantic levels when evaluating
quality of a candidate translation. In other words, the implementations take account of the
degrees of semantic similarity between text to be translated and the pending candidate
translations. Since the degree of semantic similarity is used as a feature to evaluate quality
of candidate translations, the implementations therefore increase quality of the candidate
translations.

As illustrated, FIG. 1 is a flow chart of an illustrative process for generating candidate
translations. The process may include the following operations implemented by a
computing device.

At 5101, the computing device may generate pending candidate translations of text
to be translated based on predetermined translation rules.

The text to be translated in the present disclosure includes original fragments to be

translated of specified original text the machine translation. In other words, the specified

original text includes strings with various size. For example, if the specified text is “EgfELY
FEEEEE,” then sub-strings includes: two-word strings such as “FgfE” and “/NE” etc.,
three-word strings such as “FEAE” and “AfFEIE” etc., four-word strings such as “FRFELE”

etc., and other strings such as “FX{ENEEEEZE" etc. These strings may be the text to be
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translated in accordance with the implementations of the present disclosure. In addition,
the specified description itself may be used as text to be translated.

To evaluate quality of the pending candidate translations of the pending candidate
translations, the computing device may first generate pending candidate translations of text
to be translated based on predetermined translation rules. The translations rules of the
present disclosure refer to translation rules obtained from learning a predetermined parallel
corpus. A translation rule is a basic unit of machine translation. For example, translation
rules are based on translation rules of phrases and their syntactic information.
Implementations of various translation rules do not deviate from the core of the present
disclosure, and therefore, are within the scope of the present disclosure.

It should be noted that, the pending candidate translations generated using
translation rules of phrases usually do not meet rules of syntax, thus making candidate
translations difficultly understood the. The pending candidate translations generated using
translation rules of syntax usually meet the rules of syntax. Accordingly, the pending
translations generated using syntax information can improve quality of candidate
translations.

In implementations, the computing device may generate pending candidate
translations of text to be translated based on the syntax information of translation rules.
The computing device may extract translation rules containing syntax information. The

translation rules adopt composite context and is grammar free, as illustrated in Table 1:

Rule Translation Rule

Numbering

1 ft --> NP(PRP(he))

2 X NP1--> PP(IN(with)NP1)

3 [A]Z5 --> NP(DT(the)NNS(answers))
4 R~ --> VBZ(was)

5 iR, --> VBZ(satisfied))
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6 PP; VBZ; VBN3 --> VP(VBZ, VP(VBZ; PP1))

7 NP1 VP, --> NP1 VP,

Table 1, the translation rule table

Table 1 lists number 1, 3, 4, 5 and corresponding rules for basic translation rules.
Table 1 further lists number 2, 6, 7 and corresponding rules for a combination of translation
rules.

After extraction of the translation rules, the computing device may extract features
of the translation rules. The features of the translation rules may include: a forward
translation probability, reverse translation probability, positive vocabulary probability, and
reverse vocabulary probability. In these instances, the forward translation probabilities of
phrases refer to a translation probability of a translation of a phrase from a source language
to a target language. The reverse translation probabilities of phrases refer to a translation
probability of a translation of a phrase from a target language to a source language. The
positive vocabulary probability refers to a translation probability of a word from a source
language to a target language. The reverse vocabulary probability refers to a translation
probability of a translation of a word from a target language to a source language.

In implementations, the generating a pending candidate translation of the text to be
translated based on predetermined translation rules may be implemented by the following
operations. The computing device may determine whether a translation rule of the
predetermined translation rules is applicable to the text to be translated for each translation
rule of the predetermined translation rules.

If the determination result is “YES”, the computing device may generate a pending
candidate translation of the text to be translated based on the translation rule.

The computing device may parse each translation rules and determine whether the
text to be translated is applicable to the translation rule for the text to be translated. In
response to a determination that the text to be translated is applicable to the translation
rule, the computing device may generate a pending candidate translation based on the
translation rule. The text to be translated may be applicable to multiple translation rules.
Accordingly, the text to be translated may correspond to multiple pending candidate

translations.
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At S103, the computing device may generate the translation probabilities from the
text to be translated to the pending candidate translations based on features having impacts
on translation probabilities of the pending candidate translations, and a predetermined
translation probability prediction model.

In the present disclosure, features having an impact on translation probability refer
to statistical information of features having impacts on translation probabilities of the
pending candidate translations. For example, the features may include a translation model,
language model and reordering model. In implementations, the features having the impacts
on the translation probabilities further may include: at least one of translation probabilities
of phrases from the text to be translated and the pending candidate translations, translation
probabilities of phrases from the pending candidate translations to the text to be translated,
translation probabilities of words from the text to be translated to the pending candidate
translations, translation probabilities of words from the pending candidate translations to
the text to be translated, one or more language models of the pending candidate
translations, or classification probabilities of reordering and non-reordering of the text to be
translated and the pending candidate translations. Descriptions regarding a translation rule
module, a language model module, a reordering model module and so on are provided
below.

1) Translation model

A translation model indicates a correspondence relationship from a language to
another language. A language model is reflected in the nature of a language itself. The
translation model ensures the meaning of translations. The language model ensures smooth
translation. "Faithfulness" is traditional requirement for translation. Translation model
reflects first two parts of the requirement. The last part of the requirement is reflected in
the language model.

Features related to a translation module include: translation probabilities of phrases
from the text to be translated and the pending candidate translations, translation
probabilities of phrases from the pending candidate translations to the text to be translated,
translation probabilities of words from the text to be translated to the pending candidate

translations, translation probabilities of words from the pending candidate translations to
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the text to be translated, and one or more language models of the pending candidate
translations. As described in the present disclosure, the features of translation models may
be calculated during the extraction of translation rules. In other words, the computing
device may obtain, from the parallel corpus, forward translation probabilities of phrases,
reverse translation probabilities of phrases, positive vocabulary probabilities of words, and
reverse vocabulary probabilities of words that correspond to a translation rule.
2) Language model

Language model (LM) deals with a fundamental problem in the field of natural
language processing and play an important role in tasks such as speech tagging, syntax
parsing, machine translation, and information retrieval. In short, a statistical language
model is expressed a sequence probability of occurrence in a word sequence, given words in

the context of a word and the words. For example, a language model is a measure of

fluency of the text. For example, Text to be translated "S#8HEA/X|" may be translated into

two pending candidate translations: "high winds tonight" or "large winds tonight." The
probability of "high winds tonight" is greater than the probability of "high winds tonight" can
be illustrated as P (high winds tonight) > P {large winds tonight).

3) Reordering model

Many languages deals with word orders differently. For example, Word orders in
Chinese and English are different. In a word alignment process, the reordering model may
be implemented. In discriminative training, there is a need for a better reordering model.
Reordering models can be location-based, namely, reordering probabilities describing
different locations of phrases in each sentence in two languages. And reordering models can
be phrase-based. For example, the reordering model in Moses that is phrase-based,
wherein describes whether, for a given phrase pair, phrase pairs before and after the given
phrase pair can be exchanged.

Above describes the features having impacts on translation probabilities of the
pending candidate translations. The implementations relate to a method for generating
candidate translations. In addition to the features described above, features of a semantic
model may also be utilized. In other words, degrees of semantic similarity between the text

to be translated and the pending candidate translations is a strong influence to the

33



10

15

20

25

WO 2017/035382 PCT/US2016/048751

translation probabilities from the text to be translated to the pending candidate translations
such that translation probabilities may be improved by using pending translation candidates
of which semantics are more consistent given the same conditions.

As illustrated, FIG. 2 is a flow chart of an illustrative process for calculating degrees of
semantic similarity to generate candidate translations. The degrees of semantic similarity
between the text to be translated and the pending candidate translations may be calculated
by the following operations.

At S201, the computing device may obtain a text vector of the text to be translated
and text vectors of the pending candidate translations.

The text vector may include a text vector capable of showing bilingual semantic
information. In other words, for related or similar text translations, the distance between

the text vectors is closer. For example, the distance between a text vector of “One tablet will
purify a liter of water” and a text vector of "—EAZgFLEIR] /FE{L—F+7K" is smaller than the

distance between a text vector of “One tablet will purify a liter of water” and a text vector of

“—ERIZ B AMBD Bl R —FF7K”. In an ideal case, the text vector of “One tablet will purify

a liter of water” and the text vector of “—EZ4F LRI B]/#{X—F7K” are the same. However,

due to clerical errors and other reasons, the two text vectors are not the same, while the
distance between them is small. In implementations, the distance between the text vectors
may be measured using the most traditional Euclidean distance and the cosine of the angle.
A text vector is a real vector a fixed-dimension. For example, a text vector may be
represented as a [0.312, -0.187, -0.529, 0.109, -0.542, ...].

As illustrated, FIG. 3 is a flow chart of an illustrative process for generating a text
vector of text to be translated and text vectors of pending candidate translations. In
implementations, the text vector of the text to be translated and the text vectors of the
pending candidate translations may be generated by the following operations.

At S301, the computing device may acquire the word vectors corresponding to the
words of the text to be translated based on a predetermined correspondence relationship
between words of a source language and word vectors. The computing device may acquire

the word vectors corresponding to the words of the pending candidate translations based on
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the predetermined correspondence relationship between the words of the target language
and the word vectors.

In the present disclosure, the source language refers to a language of the text to be
translated. The target language refers to a language of the pending candidate translations.
The predetermined correspondence relationship between the words of the source language
and the word vectors and word vectors of the relationship between words and
corresponding word vectors in the target language (Distributed Representation) are word
vectors capable of showing bilingual semantic information. In other words, word vectors not
only reflect the basic unit of natural language in terms of basic semantic information, but
also include cross-language semantic information. For two words in different languages

having the same semantics, the geometric distance between their word vectors is very close,

for example, "3zE2" and "Apple". A word vector is a real vector with a fixed-dimension, and

a class of neural network parameters. For example, the word vector may be represented as
[0.792,-0.177,-0.107, 0.109, -0.542, ...].

It should be noted that, a word vector may be represented in various ways, and
different training methods may lead to different word vectors of the same word. In
implementations, a word vector may be generated by a variety of bilingual word vector
prediction models based on a neural network such as neural network models of bilingual
language or bilingual text vector prediction models. In addition, dimensional word vectors
may be used as super neural network parameters, generally the higher dimension the better
result. But the word vector with a high dimension may increase computational complexity.
In implementations, a common dimension of word vectors is of 200.

At S303, the computing device may generate the text vector of the text to be
translated based on word vectors corresponding to words of the text to be translated, and a
predetermined text vector prediction model of the source language. The computing device
may generate the text vectors of the pending candidate translations based on the word
vectors corresponding to the words of the pending candidate translations, and a
predetermined text vector prediction model of the target language.

By performing operation S301, the computing device may map each word of the text

to be translated and the pending candidate translations to a space of word vectors. Then, at
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S303, the computing device may designate word vectors corresponding to individual words
of the text to be translated as variables of the input layer for the text vector prediction
model of the source language. In these instances, the output layer is text vectors of the text
to be translated.

In addition, the computing device may designate word vectors corresponding to
individual words of the pending candidate translations as variables of the input layer for the
text vector prediction model of the target language. In these instances, the output layer is
text vectors of the pending candidate translations.

In implementations, if the computing device is not able to acquire individual words of
the text to be translated directly or individual words of the pending candidate translations,
the computing device may perform the following operations prior to operation of S303.

At S302, the computing device may parse the text to be translated, acquire the words
of the text to be translated and/or parse the pending candidate translations, and acquire the
words of the pending candidate translations.

For example, the computing device may perform segmentation to words of the
Chinese text for text in Chinese. For text in English, the computing device may obtain the
words directly.

In the present disclosure, the predetermined text vector prediction model of the
source language and predetermined text vector prediction model of the target language are
two components of the bilingual text vector prediction model, which is learned using a
machine learning algorithm and obtained from the parallel corpus.

As illustrated, FIG. 4 is a flow chart of an illustrative process for generating
predetermined text vector prediction models of the target language and the source
language. In implementations, the predetermined text vector prediction models of the
target language and the source language are generated by performing the following
operations.

At S401, the computing device may read a pre-stored parallel corpus. In the present
disclosure, the parallel corpus Includes a large number of parallel corpus, wherein each pair
of parallel corpus includes a source language sentence and a target language sentence.

These two sentences translate each other. Currently, there are a large number of parallel
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corpus available for download online. Searching for target areas (e.g., medical therapy, news,
etc.) of the parallel corpus is an important way to improve the performance of the statistical
machine translation system in specific areas.

At 5403, the computing device may set a training goal so as to maximize average
translation probabilities of sentences in the parallel corpus between the target language and
the corresponding source language as background, and train a predetermined bilingual
encoding and decoding model for text vectors.

In implementations, the bilingual prediction model for text vectors is a bilingual
encoding and decoding model for text vectors. In the present disclosure, the predetermined
bilingual encoding and decoding model for text vectors may be a forward neural network-
based model (FFNN) and/or a recurrent neural network-based model (RNN). A forward
neural network can only be considered within the context within a window. As compared to
the forward neural network, the recurrent neural network can take into account more
context, and hidden layers of the recurrent neural network can cover all preamble words of
the current word. In the sequence data, recurrent neural networks can discover more
patterns between words.

For a bilingual text vector prediction model based on a forward neural network, the
computational complexity is lower than a bilingual text vector prediction model based on a
recurrent neural network. However, for the hilingual text vector prediction model based on
a recurrent neural network, the accuracy is higher than a bilingual text vector prediction
model based on a forward neural network. In implementations, the computing device may
choose one of the above text vector prediction models based on specific needs. Various
ways described above of bilingual text vector prediction models merely change the way of
specific embodiments, do not deviate from the core of the present disclosure, and are
within the scope of the present disclosure. To improve accuracy, the implementations of the
present disclosure adopt the bilingual text vector prediction model based on a recurrent
neural network.

As illustrated, FIG. 5 is a diagram illustrating a bilingual text vector prediction model.
In implementations, the predetermined bilingual encoding and decoding model for text

vectors is a bilingual encoding and decoding model for text vectors based on a recurrent
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neural network. An input layer of the bilingual encoding and decoding model for text
vectors may include words of sentences of the source language and the word vectors
corresponding to the words of the sentences of the source language, and an output layer of
the bilingual encoding and decoding model for text vectors may include words of sentences
of the target language and word vectors corresponding to the words of the sentences of the
target language. The input layer of the encoding part may include text vectors of the
sentences of the source language, and the text vectors of the sentences of the source
language may include the input layer of the encoding part.

In implementations, word vectors are byproducts produced in training of the
bilingual text vector prediction model. In other words, when learning the bilingual encoding
and decoding model for text vectors, the computer may learn word vectors having bilingual
semantic features. Accordingly, prior to operation S403, the computing device may perform
the following operations. 1) The computing device may parse the sentences in the parallel
corpus, acquiring words of the source language and words of the target language in the
parallel corpus. 2) The computing device may further set word vectors having a first
predetermined dimension for the words of the source language in the parallel corpus, form
a correspondence relationship to be adjusted between the words of the source language in
the parallel corpus and the word vectors, set word vectors having a first predetermined
dimension for the words of the target language in the parallel corpus, and form a
correspondence relationship to be adjusted between the words of the target language in the
parallel corpus and the word vectors.

1) The computing device may parse the sentences in the parallel corpus and acquire
words of the source language and words of the target language in the parallel corpus.

The computing device may generate a correspondence relationship between words
of a source language and word vectors and a correspondence relationship between words of
a target language and word vectors. First, the computing device may obtain word of the
source language and words of the target language in the parallel corpus. Thus, the
computing device may parse sentences in the parallel corpus and acquire the words of the
source language and words of the source language in the parallel corpus. For example, the

computing device may parse the sentences in the parallel corpus by performing
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segmentation on sentences in Chinese and by performing morpheme segmentation on
sentences in English.

2) The computing device may set word vectors having a first predetermined
dimension for the words of the source language in the parallel corpus, form a
correspondence relationship to be adjusted between the words of the source language in
the parallel corpus and the word vectors, set word vectors having a first predetermined
dimension for the words of the target language in the parallel corpus, and form a
correspondence relationship to be adjusted between the words of the target language in the
parallel corpus and the word vectors.

Because word vectors are byproducts produced in training the bilingual text vector
prediction model, the computing device may set an initial word vector for the word after
extracting each word of the parallel corpus.

In fact, the above two steps may be performed before operation S403. By the steps
above, the computing device may acquire the words of the source language and words of
the source language in the parallel corpus and initialize a word vector for each word. Then,
the computing device may perform operation S403 to train the bilingual text vector
prediction model and implement machine learning algorithms. The computer may learn
word vectors having bilingual semantic features during learning the bilingual encoding and
decoding model for text vectors.

By performing operation S403, the computing device may gradually adjust various
parameters of the predetermined bilingual encoding and decoding model for the text
vectors during the training of the predetermined bilingual encoding and decoding model for
the text vectors. For example, the parameters may include connection weights. When the
training reached the goal, the computing device may obtain a final correspondence
relationship between words and word vectors as well as the text vector prediction models of
the target language and the source language.

As illustrated, FIG. 6 is a flow chart of an illustrative process for operation S403 as
described in FIG. 4. In implementations, operation S403 may include the following

operations.
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At S4031, the computing device may traverse sentence pairs of parallel corpus
sentences in the parallel corpus. The computing device may calculate translation
probabilities between sentences of the target language of the sentence pairs of parallel
corpus sentences and corresponding sentences in the source language as the background
based on the correspondence relationship to be adjusted between the words of the source
language in the parallel corpus and the word vectors, the correspondence relationship to be
adjusted between the words of the target language and the word vectors, and the
predetermined bilingual encoding and decoding model for text vector.

The implementations relate to a method for generating candidate translations. The
computing device may provide the predetermined bilingual encoding and decoding model
for the text vectors. Through iterative learning, the computing device may then learn the
bilingual encoding and decoding model for text vectors and parameters associated with the
bilingual encoding and decoding model for text vectors. During the training, the computing
device may set a training goal as to maximize average translation probabilities of sentences
in the parallel corpus between the target language and the corresponding source language
as background. Accordingly, in each iteration, the computing device may calculate
translation probabilities between sentences of the target language of the sentence pairs of
parallel corpus sentences and corresponding sentences in the source language as the
background.

In implementations, the translation probabilities between sentences of the target
language of the sentence pairs of parallel corpus sentences and corresponding sentences in

the source language as the background may be calculated using an equation:

T
p(le) = Htil p(Ytl{y1; Yo, . ;yt—l}; C),

wherein x is a vector sequence of the sentences in the source language, X = (Xq,Xy, ..., X, ),

y is a vector sequence of the sentences in the target language, y = (v1,V2, ...,yTy); c is the

text vector of the sentences in the source language and is formed by each hidden state of
timings in the encoding parts, ¢ = q({hl, h,, ... ,hTX}), h¢ indicates the hidden state of timing
t of the encoding parts and relates to a current word and a previous hidden state of a
sentence in the source language, h = f(xi, hi_1), p(Vel{y1, V2, ..., Ve—1}, ©) is a text vector of

the sentence in the source language and a likelihood probability of y, in the background of
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{V1,V2, ..., Vi—1} and relates to a previous word of the sentence in the target language, a
current hidden state, and the text vector of the sentence in the source language,
P VL Y2, - Vi1 ©) = 8(Vi—1, St ©), Scindicates the hidden state of timing t of the
decoding parts and relates to the previous word of the sentence in the target language, the
previous hidden state, and a text vector of the sentence in the source language, s; =
f(yi_1,s5¢_1,€), and f and g are non-linear activation functions.

In implementations, an activation function of neural network nodes may be as a
symbol, S-type (sigmoid) function, hyperbolic tangent function or a linear function. In the
present disclosure, the predetermined bilingual encoding and decoding model for text
vectors refers to a pre-designed topology and node activation function of a neural network
model. In these instances, each connection weight may be considered as a parameter class
of the bilingual text vector prediction model for text vectors. The connection weights may
continuously be trained during the training until reaching the training goal to obtain the final
connection weights for prediction. It should be noted that, the computing device may pre-
set an initial value for each of connection weights during the training. In implementations,
the computing device may randomly pre-set the initial value for each of connection weights.

As illustrated in FIG. 5, the computing device may represent the word sequence as a
sequence of word vectors for an encoding part of the bilingual encoding and decoding
model for text vectors after reading in a word sequence (i.e., source language text), namely
X = (Xq,Xy, ...,Xr, ). During designing the encoding part, a hiding state of timing t may be
calculated using the following formula: h, = f(x, h;_;), and the text vector of the text in the
source language is formed by each hidden state of timings in the encoding part, namely c =
q({hl, h,, ..., hTX}). Accordingly, the text vector of the text in the source language is a vector
formed by each hidden state h in the encoding part, and f and q are non-linear activation
function.

For the encoding part of the bilingual encoding and decoding model for text vectors,
the computing device may designate the text vector of the text in the source language as
variables of the input layer for the text vector prediction model of the source language.
Further, for the predicted word {y;,y,,...,V:—1}, the computing device may continue to

predict y; based on the encoding part of the neural network topology. In other words, the
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encoding part may be used to calculate a translation probability of sentence y in the target
language.

It should be noted that the hiding state of each of the timings of the encoding part
may be determined based on a word vector of a word of a current timing in the source
language text and the last timing in the source language and a hiding state corresponding to
the last timing. Further, the hiding state of each of the timings of the encoding part may be
determined based on hiding states corresponding to the word vector y,_; of the source
language text that is generated in the last operation and the last timing s;_;; and the word
vectory,_, is generated based on a word vector y;_, of a previous target language segment
and the current hiding state s;_1.

As illustrated in the above formula, conversions between each type of states of the
bilingual text vector encoding and decoding model are a matrix multiplication operation,
specific rules of the operation are determined by an activation function, and each dimension
value is a parameter of the model (i.e., a connection weight).

At 54033, the computing device may calculate an average value of the translation
probabilities between the sentences in the target language of the sentence pairs of parallel
corpus sentences and the corresponding sentences in the source language as the
background to be an average translation probability.

In each iteration, the computing device may calculate an average value of the
translation probabilities between the sentences in the target language of the sentence pairs
of parallel corpus sentences and the corresponding sentences in the source language as the
background to be an average translation probability prior to calculating translation
probabilities between sentences of the target language of the sentence pairs of parallel
corpus sentences and corresponding sentences in the source language as the background.

In implementations, an average probability of translation is formalized as:

1== SN log(ps(Yn|%n)),
wherein J is the average probability of translation, N is the number of sentence pairs of the
parallel corpus, xn is the word vector sequence of sentences in the source language, yn is the
word vector sequence of sentences in the target language, pg(V,|Xn)represents the
translation probability of the target language sentence yn and the corresponding source
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language sentence as the background, 8 represents all parameters of the bilingual text
vector encoding and decoding model. In implementations, 6 includes each connection
weight of the bilingual text vector encoding and decoding model, word vectors of the source
language sentences, and word vectors of the target language sentences.

At S4035, the computing device may determine whether the average translation
probability is greater than a previous average translation probability.

If the determination result is “YES”, the computing device may adopt an optimization
algorithm, update the word vectors and the connection weights of the predetermined
bilingual encoding and decoding model for text vectors, and re-traverse the sentence pairs
of parallel corpus sentences of the parallel corpus sentences.

If the determination result is “NO”, the computing device may designhate the adjusted
correspondence relationship to be adjusted between the words of the source language and
the word vectors as the predetermined correspondence relationship between the words of
the source language and the word vectors, and designate the adjusted correspondence
relationship to be adjusted between the words of the target language and the word vectors
as the predetermined correspondence relationship between the words of the target
language and the word vectors.

Operations S4031 and S4033 belong to a training period. It may take multiple
training periods for training the bilingual encoding and decoding model for text vectors, for
example, a few hundreds. A condition for stopping training of the model is to achieve
training objectives, namely maximizing the translation probability. The computing device
may compare a current average translation probability with a previous average translation
probability. In response to a determination that the average translation probability is
greater than the previous average translation probability, the computing device may
determine that model parameters may be further optimized and that there is a need to
continue training of the model to achieve the training objectives. The computing device may
adopt an optimization algorithm to update word vectors and connection weights of the
bilingual encoding and decoding model for text vectors and then to return to operation
S4031 to start the next iteration. Otherwise, in response to a determination that the

average translation probability is less than the previous average translation probability, the
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computing device may determine the objectives are achieved and stop the training. After
the training, the bilingual encoding and decoding model for text vectors is the model that
has been found via the parallel corpus to describe variation of response variables in the
parallel corpus (i.e., output layer variables) that are impacted by predictor variables (i.e.,
input layer variables).

Algorithms of adjustment of the various parameters of the bilingual text vector
encoding and decoding model for text vectors include an error feedback method, a gradient
method, a Newton type algorithm, a Levenberg-Marquardt algorithm, and a genetic
algorithm. These different ways of optimization merely change the way of specific
embodiments, do not deviate from the core of the present disclosure, and are within the
scope of the present disclosure.

In implementations, the optimization algorithm may include a stochastic gradient
algorithm. In these instances, the adopting an optimization algorithm and updating the
word vectors and the connection weights of the predetermined bilingual encoding and
decoding model for text vectors may be implemented by the following operations. 1) The
computing device may calculate the word vectors and a gradient of the connection weights
of the predetermined bilingual encoding and decoding model for text vectors based on a
predetermined learning rate and an equation of the average translation probability; 2) the
computing device may update the word vectors and the connection weights of the
predetermined bilingual encoding and decoding model for text vectors based on the word
vectors and the a gradient of the connection weights of the predetermined bilingual
encoding and decoding model for text vectors.

The computing device may adopt a stochastic gradient algorithm, and the gradient

may be updated using the following rule:

9(log(ponlxn))
a8 ’

0<0+¢

wherein O represents values for the various parameters, and € is the learning rate.
In the present disclosure, the learning rate decides each cycle parameter variation
arising from the training. Greater learning rate may lead to instability of the system, while
lower learning rate may result in a longer training time, slow convergence, and trend of

maximization of the average translation probability. Therefore, under normal circumstances,
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the computing device may choose a relatively low learning rate to ensure the stability of the
system. For example, the learning rate may be chosen between 0.01-0.8.

In implementations, the bilingual encoding and decoding model for text vectors is a
complex network, which may require different learning rates in different parts of the surface
of the objective function. To reduce the number of training and training time for searching
learning rates, a more appropriate approach is to use an adaptive learning rate to make the
training of the network using different learning rates in different learning states.

By the above-described operation S403, the computing device may obtain a trained
bilingual encoding and decoding model for text vectors and word vectors having bilingual
semantic features.

At 5405, the computing device may designate an encoding part of the bilingual
encoding and decoding model for text vectors after training as the predetermined text
vector prediction model of the source language and designate a reverse model of the
encoding part of the trained bilingual encoding and decoding model for text vectors as the
predetermined text vector prediction model of the target language.

In the present disclosure, an input variable of the text vector prediction model of the
source language is the sequence of word vectors of the source language text, and the output
layer is the text vector of the source language text. The text vector prediction model of the
source language text is a component of the bilingual encoding and decoding model for text
vectors and corresponds to the encoding part. After generating the bilingual encoding and
decoding model for text vectors via the training, the computing device may designhate the
model of the encoding part directly as the text vector prediction model of the source
language text. An input variable of the text vector prediction model of the target language is
the sequence of word vectors of the target language text, and the output layer is the text
vector of the target language text. The text vector prediction model of the target language
text is a component of the bilingual encoding and decoding model for text vectors, and
corresponds to the encoding part. After generating the bilingual encoding and decoding
model for text vectors via training, the computing device may designate the model of the

encoding part directly as the text vector prediction model of the target language text.
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For above described operations S401 to 5405, the computing device may perform
these operations to generate the predetermined text vector prediction models of the target
language and the source language.

At S203, the computing device may calculate distances between the text vector of
the text to be translated and the text vectors of the pending candidate translations and use
the distances to be the degrees of semantic similarity of the text to be translated and the
pending candidate translations.

The computing device may implement the operation S201 to generate the text vector
of the text to be translated and the text vectors of the pending candidate translations to
measure the distance between the text vectors to use the distance as the degrees of
semantic similarity of the text to be translated and the pending candidate translations. In
implementations, the computing device may use the Euclidean distance or cosine angle
distance as the distances between the text vectors.

After obtaining features having impacts on translation probabilities of the pending
candidate translations, the computing device may generate the translation probabilities
from the text to be translated to the pending candidate translations based on the features
having impacts on translation probabilities of the pending candidate translations, and a
predetermined translation probability prediction model.

In the present disclosure, the predetermined translation probability prediction model
refers to a translation probability prediction model that is learned from a pre-stored parallel
corpus via a machine learning algorithm. In implementations, the machine learning
algorithm may be employed include a linear regression algorithm, a regression tree
algorithm or an iterative decision tree algorithm. Different algorithms may generate
translation probabilities with different accuracies, and computational complexity levels of
different algorithms are not the same. In implementations, the computing device may
choose any machine learning algorithm to generate the translation probability prediction
model.

In implementations, a translation probability prediction model may be learned from
a pre-stored parallel corpus using a linear regression algorithm. In translation probability

prediction models based on linear regression, each feature having impact on the translation
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probability has a weight. These weights are used to control influence of different features
on the translation probability from source language text to target language text.

For a statistics-based machine translation system, the parallel corpus can be divided
into three parts: the first part used for word alignment and phrase extraction, the second
part used for training of the translation probability prediction model, the third part used for
system evaluation. In these instances, for the data of the second and third parts, each
source language sentence may have multiple candidate translations.

In implementations, the computing device may utilize the minimum rate of error
training algorithm by data of the second part as described above (e.g., a Tuning Set) to
optimize weights of the features such that a given optimization criterion is optimized.
General common optimization criteria include information entropy, BLEU, TER et al. This
stage requires a decoder for decoding multiple optimization sets. Each decoding produces
M highest-scoring results, and the computing device may adjust the weight of each feature.
Ranking of N results may change when the weight is adjusted. Further, the highest score is
the result of the decoding and will be used to calculate a BLEU score or TER. The computing
device may improve the score of the entire set of optimizations have been improved and
perform next decoding when obtaining a new set of weights. And the computing device
may perform the above operations until new improvement may not be able to observe.

In implementations, depending on selected values for a size of the optimization set, a
model size and a speed of the decoder, training time may take hours or days. Using weights
of features, a translation system may score higher and higher with respect to objective
evaluation criteria. Meanwhile, the translation system needs continuously improve the
objective evaluation criteria so that objective evaluation criteria and subjective evaluation
criteria are closer and closer.

During the actual process of translation, according to specific needs, the computing
device may select a random combination of the features having the impacts on the
translation probabilities and determine a characteristic of the weights, calculation a
translation probability of each pending candidate translation from the text to be translated.

At 5105, the computing device may select a predetermined number of pending

candidate translations that have the translation probabilities higher than other pending
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candidate translations in the pending candidate translations to be the candidate translations
of the text to be translated.

After obtaining the translation probability from the text to be translated to each of
the pending candidate translations at S103, the computing device may select a
predetermined number of pending candidate translations that have the translation
probabilities higher than other pending candidate translations in the pending candidate
translations to be the candidate translations of the text to be translated. In implementations,
the computing device may set a number of the pending candidate translations. The larger
the preset number is, the greater a Pruning Intensity of the pending candidate translation
corresponding to the text to be translated is. The smaller preset number is, the smaller the
Pruning Intensity of the pending candidate translation corresponding to the text to be
translated is.

The above described implementations relate to a method for generating candidate
translations. Correspondingly, the implementations relate to a device for generating
candidate translations. The device corresponds to the method described above.

As illustrated, FIG. 7 is a schematic diagram of an illustrative computing device that
enables generation of candidate translations. Since the apparatus of the embodiment is
substantially similar to the method as described above, the following description of the
implementations are merely illustrative.

The implementations relate to a device 700 for generating candidate translations for
a statistics-based machine translation system. The device 700 may include a first generating
module 701 configured to generate pending candidate translations of text to be translated
based on predetermined translation rules.

The device 700 may further include a first calculating module 703 configured to
generate the translation probabilities from the text to be translated to the pending
candidate translations based on features having impacts on translation probabilities of the
pending candidate translations and a predetermined translation probability prediction
model.

The device 700 may further include a selecting module 705 configured to select a

predetermined number of pending candidate translations that have the translation
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probabilities higher than other pending candidate translations in the pending candidate
translations to be the candidate translations of the text to be translated.

In these instances, the features having impacts on the translation probabilities may
include degrees of semantic similarity between the text to be translated and the candidate
translations.

In implementations, the first generating module 701 may include a determining sub-
module configured to determine whether a translation rule of the predetermined
translation rules is applicable to the text to be translated for each translation rule of the
predetermined translation rules.

The first generating module 701 may include a generating sub-module generate a
pending candidate translation of the text to be translated based on the translation rule if the
determination result is “YES”.

In implementations, the device 700 may further include one or more processors 707,
an input/output (I/O) interface 709, a network interface 711 and memory 713.

The memory 713 may include a form of computer-readable media, e.g., a non-
permanent storage device, random-access memory (RAM) and/or a nonvolatile internal
storage, such as read-only memory (ROM) or flash RAM. The memory 713 is an example of
computer-readable media.

The computer-readable media may include a permanent or non-permanent type, a
removable or non-removable media, which may achieve storage of information using any
method or technology. The information may include a computer-readable instruction, a
data structure, a program module or other data. Examples of computer storage media
include, but not limited to, phase-change memory (PRAM), static random access memory
(SRAM), dynamic random access memory (DRAM), other types of random-access memory
(RAM), read-only memory (ROM), electronically erasable programmable read-only memory
(EEPROM), quick flash memory or other internal storage technology, compact disk read-only
memory (CD-ROM), digital versatile disc (DVD) or other optical storage, magnetic cassette
tape, magnetic disk storage or other magnetic storage devices, or any other non-

transmission media, which may be used to store information that may be accessed by a
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computing device. As defined herein, the computer-readable media does not include
transitory media, such as modulated data signals and carrier waves.

In implementations, the memory 713 may include program modules 715 and
program data 717. The program modules 715 may include the first generating module 701,
the first calculating module 703 and the selecting module 705 as described in the foregoing
description.

As illustrated, FIG. 8 is a schematic diagram of illustrative modules that enable
generation of candidate translations. In implementations, the modules 715 may further
include a second calculating module 801 configured to calculate degrees of semantic
similarity of the text to be translated and the pending candidate translations.

In implementations, the second computing module 801 may include an acquiring
sub-module 2011 configured to obtain a text vector of the text to be translated, and text
vectors of the pending candidate translations.

The second computing module 801 may include a computing sub-module 2013
configured to calculate distances between the text vector of the text to be translated and
the text vectors of the pending candidate translations to be the degrees of semantic
similarity of the text to be translated and the pending candidate translations.

In these instances, the text vector may include a text vector capable of showing
bilingual semantic information.

In implementations, the modules 715 may further include a second generating
module 803 configured to generate the text vector of the text to be translated and the text
vectors of the pending candidate translations.

In implementations, the second generating module 803 may include an acquiring
sub-module 2031 configured to acquire the word vectors corresponding to the words of the
text to be translated based on a predetermined correspondence relationship between words
of a source language and word vectors and to acquire the word vectors corresponding to the
words of the pending candidate translations based on the predetermined correspondence
relationship between the words of the target language and the word vectors.

The second generating module 803 may further include a generating sub-module

2033 configured to generate the text vector of the text to be translated based on the word
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vectors corresponding to the words of the text to be translated, and a predetermined text
vector prediction model of the source language and generate the text vectors of the pending
candidate translations based on the word vectors corresponding to the words of the pending
candidate translations and a predetermined text vector prediction model of the target
language,

In these instances, the word vectors may include word vectors capable of showing
bilingual semantic information.

In implementations, the second generating module 803 further may include a parsing
sub-module 2030 configured to parse the text to be translated, acquire the words of the text
to be translated; and/or parsing the pending candidate translations, and acquire the words
of the pending candidate translations.

In implementations, the modules 715 may further include a third generating module
805 configured to generate the predetermined text vector prediction models of the target
language and the source language.

As illustrated, FIG. 9 is yet another schematic diagram of illustrative modules that
enable generation of candidate translations. In implementations, the third generating
module 805 may further include a reading sub-module 2051 configured to read a pre-stored
parallel corpus.

The third generating module 805 may further include a training sub-module 2053
configured to set a training goal as to maximize average translation probabilities of
sentences in the parallel corpus between the target language and the corresponding source
language as background and train a predetermined bilingual encoding and decoding model
for text vectors.

The third generating module 805 may further include a setting sub-module 2055
configured to designate an encoding part of the bilingual encoding and decoding model for
text vectors as the predetermined text vector prediction model of the source language, and
designate a reverse model of the encoding part of the trained bilingual encoding and
decoding model for text vectors as the predetermined text vector prediction model of the

target language.
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In these instances, an input layer of the bilingual encoding and decoding model for
text vectors may include words of sentences of the source language and the word vectors
corresponding to the words of the sentences of the source language, and an output layer of
the bilingual encoding and decoding model for text vectors may include words of sentences
of the target language and word vectors corresponding to the words of the sentences of the
target language. The input layer of the encoding part may include text vectors of the
sentences of the source language, and the text vectors of the sentences of the source
language may include the input layer of the encoding part.

As illustrated, FIG. 9 includes a schematic diagram of the training sub-module 805 of
the device for generating candidate translations. In implementations, the third generating
module 805 may further include a parsing sub-module 2052 configured to parse sentences
in the parallel corpus, and acquire words of the source language and words of the target
language in the parallel corpus.

The third generating 805 module may further include an initializing sub-module 2054
configured to set word vectors having a first predetermined dimension for the words of the
source language in the parallel corpus, form a correspondence relationship to be adjusted
between the words of the source language in the parallel corpus and the word vectors,
setting word vectors having a first predetermined dimension for the words of the target
language in the parallel corpus, and form a correspondence relationship to be adjusted
between the words of the target language in the parallel corpus and the word vectors.

As illustrated, FIG. 10 includes a schematic diagram of the training sub-module 2053
of the device for generating candidate translations. In implementations, the training sub-
module 2053 may include a first calculating sub-module 20541 configured to traverse
sentence pairs of parallel corpus sentences of the parallel corpus sentences, and calculate
translation probabilities between sentences of the target language of the sentence pairs of
parallel corpus sentences and corresponding sentences in the source language as the
background based on the correspondence relationship to be adjusted between the words of
the source language in the parallel corpus and the word vectors, the correspondence
relationship to be adjusted between the words of the target language and the word vectors,

and the predetermined bilingual encoding and decoding model for text vector.
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The training sub-module 2053 may further include a second calculating sub-module
20543 configured to calculate an average value of the translation probabilities between
sentences in the target language of the sentence pairs of parallel corpus sentences and
corresponding sentences in the source language as the background, to be an average
translation probability.

The training sub-module 2053 may further include a determining sub-module 20545
configured to determine whether the average translation probability is greater than a
previous average translation probability.

If the determination result is “YES”, the training sub-module 2053 may adopt an
optimization algorithm, updating the word vectors and the connection weights of the
predetermined bilingual encoding and decoding model for text vectors, and re-traverse the
sentence pairs of parallel corpus sentences of the parallel corpus sentences.

If the determination result is “NO”, the training sub-module 2053 may designate the
adjusted correspondence relationship to be adjusted between the words of the source
language and the word vectors as the predetermined correspondence relationship between
the words of the source language and the word vectors, and designate the adjusted
correspondence relationship to be adjusted between the words of the target language and
the word vectors as the predetermined correspondence relationship between the words of
the target language and the word vectors.

As illustrated, FIG. 11 is a schematic diagram of an illustrative electronic device in
accordance with implementations of the present disclosure. Since the electronic device of
the embodiment is substantially similar to the method as described above, the following
description of the implementations are merely illustrative.

An electronic device 1100 according to the present implementations, the electronic
device may include: display 1101; processor(s) 1102; and memory 1103, the memory 1103
storing a device for generating candidate translations, when the device is processed by the
processor(s) 1102, performing the following operations. The electronic device may
generating pending candidate translations of text to be translated based on predetermined
translation rules, generate the translation probabilities from the text to be translated to the

pending candidate translations based on features having impacts on translation probabilities
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of the pending candidate translations, and a predetermined translation probability
prediction model, and select a predetermined number of pending candidate translations
that have the translation probabilities higher than other pending candidate translations in
the pending candidate translations to be the candidate translations of the text to be
translated. In these instances, the features having impacts on the translation probabilities
may include degrees of semantic similarity between the text to be translated and the
candidate translations. In implementations, the device 1100 may further include an
input/output (1/0) interface 1104 and a network interface 1105.

The implementations herein relate to methods and devices for generating candidate
translations using a statistics-based machine translation system. A computing device may
generate the translation probabilities from the text to be translated to the pending
candidate translations based on features having impacts on translation probabilities of the
pending candidate translations, and a predetermined translation probability prediction
model. The computing device may further select a predetermined number of pending
candidate translations that have the translation probabilities higher than other pending
candidate translations in the pending candidate translations to be the candidate translations
of the text to be translated; the features having impacts on the translation probabilities may
include degrees of semantic similarity between the text to be translated and the candidate
translations. The implementations enable rule-based translations of original fragments of
text to reach a natural language semantic level to evaluate translation quality of the
candidate translations, therefore improving quality of candidate translations.

The implementations further relate to a method for quantizing text using a
computing device. The computing device may generate a text vector of the text to be
translated based on the word vectors corresponding to the words of the text to be
translated, and a predetermined text vector prediction model of the language corresponding
to a language of the text to be quantized. In implementations, the word vectors have
bilingual semantic features, which can express hilingual semantic information of word
translations. The text vector prediction model corresponding to the language of the text to
be translated is a component of the bilingual text vector prediction model for text vectors,

and another component of the bilingual text vector prediction model is a text vector
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prediction model corresponding to another language corresponding to the text to be
quantized. The parallel corpus may be trained to generate the bilingual text vector
prediction model. The computing device may acquire a text vector of language text based
on the text vector prediction model corresponding to a language of the language text in the
parallel corpus as a text vector of another language text. In other words, the bilingual text
vector prediction model may be obtained by training sentence pairs of the parallel corpus in
the same text vector such that the text vector generated by the bilingual text vector
prediction model has cross-language semantic information.

As illustrated, FIG. 12 is a flow chart of an illustrative process for quantizing text. The
process may include the following operations.

At S1201, the computing device may acquire the text to be quantized. The text to be
guantized in the present disclosure refers to text formed by basic unit words of natural
language text, including natural language phrases, sentences or paragraphs, etc.

At §1203, the computing device may acquire the word vectors corresponding to the
words of the text to be translated based on a predetermined correspondence relationship
between words in a source language and word vectors.

Accordingly, the computing device may map each word of the text to be quantized
wi,...,w; to a space of word vectors. The operation $1203 corresponds to the operation S301
as described above, and similarities are not mentioned here and related parts may be seen
in description related to operation S301.

At S1205, the computing device may generate a text vector of the text to be
guantized based on the word vectors corresponding to the words of the text to be translated,
and a predetermined text vector prediction model of the first language corresponding to a
language of the text to be quantized.

Accordingly, the computer device may combine the word vectors of the acquired text
to be quantized to form a larger vector (i.e., the word vector sequence) as the input layer
variable of the text vector prediction model of the first language text. The output layer of
the text vector prediction model of the first language text is the text vector of the text to be

translated.

55



10

15

20

25

WO 2017/035382 PCT/US2016/048751

In implementations, the computing device may perform the following operations
before performing operation of S1203 if the computing device is not able to acquire
individual words of the text to be quantized directly.

At $1202, the computing device may parse the text to be quantized and acquire the
words of the text to be quantized. The operation $1202 corresponds to the operation S302
as described above, and similarities are not mentioned here and related parts may be seen
in description related to operation S302.

In the present disclosure, the text vector prediction model corresponding to the first
language text is a component of the bilingual text vector prediction model for text vectors,
and the bilingual text vector prediction model also includes another component, namely a
text vector prediction mode of the second language. The bilingual text vector prediction
model is obtained using a machine learning algorithm by learning from the parallel corpus.
In the present disclosure, each of the sentence pairs of the parallel corpus sentence includes
a first language text and second language text that are translations for each other.
Accordingly, the text vector generated by the bilingual text vector prediction model has
cross-language semantic information.

As illustrated, FIG. 13 is a flow chart of an illustrative process for generating a text
vector prediction model for text in a first language. In implementations, the text vector
prediction mode of the first language may be generated using a computing device by the
following operations:

At S1301, the computing device may read a pre-stored parallel corpus. The
operation S1301 corresponds to the operation 5401 as described above, and similarities are
not mentioned here and related parts may be seen in description related to operation S401.

At S1303, the computing device may set a training goal as to maximize average
translation probabilities of sentences in the parallel corpus between the target language and
the corresponding source language as background, and train a predetermined bilingual
encoding and decoding model for text vectors. The operation S1303 corresponds to the
operation S403 as described above, and similarities are not mentioned here and related

parts may be seen in description related to operation S403.
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In implementations, word vectors are byproducts produced when training the
bilingual text vector prediction model. In other words, when learning the bilingual encoding
and decoding model for text vectors, the computer may learn word vectors having bilingual
semantic features. Accordingly, prior to the operation S1303, the computing device may
perform the following operations. 1) The computing device may parse the sentences in the
parallel corpus, acquiring words of the source language and words of the target language in
the parallel corpus; 2) the computing device may set word vectors having a first
predetermined dimension for the words of the source language in the parallel corpus, form
a correspondence relationship to be adjusted between the words of the source language in
the parallel corpus and the word vectors, and set word vectors having a first predetermined
dimension for the words of the target language in the parallel corpus, and form a
correspondence relationship to be adjusted between the words of the target language in the
parallel corpus and the word vectors.

As illustrated, FIG. 14 is a flow chart of an illustrative process for the operation $S1303
as described in FIG. 13. In implementations, operation 51303 may be implemented by the
following operations.

At S13031, the computing device may traverse sentence pairs of parallel corpus
sentences of the parallel corpus sentence. The computing device may calculate translation
probabilities between sentences of the target language of the sentence pairs of parallel
corpus sentences and corresponding sentences in the source language as the background
based on the correspondence relationship to be adjusted between the words of the source
language in the parallel corpus and the word vectors, the correspondence relationship to be
adjusted between the words of the target language and the word vectors, and the
predetermined bilingual encoding and decoding model for text vector. Operation $S13031
corresponds to the operation S4013 as described above, and similarities are not mentioned
here and related parts may be seen in description related to operation S4031.

At S13033, the computing device may calculate an average value of the translation
probabilities between the sentences in the target language of the sentence pairs of parallel
corpus sentences and the corresponding sentences in the source language as the

background, to be an average translation probability. The operation S13033 corresponds to
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the operation S4033 as described above, and similarities are not mentioned here and
related parts may be seen in description related to operation S4033.

At S13035, the computing device may determine whether the average translation
probability is greater than a previous average translation probability. If the determination
result is “YES”, the computing device may adopt an optimization algorithm, updating the
word vectors and the connection weights of the predetermined bilingual encoding and
decoding model for text vectors, and re-traversing the sentence pairs of parallel corpus
sentences of the parallel corpus sentences.

At S13037, if the determination result is “NO”, the computing device may designate
the adjusted correspondence relationship to be adjusted between the words of the source
language and the word vectors as the predetermined correspondence relationship between
the words of the source language and the word vectors If the language of the text to be
guantized is the source language. If the language of the text to be quantized is the target
language, the computing device may designate the adjusted correspondence relationship to
be adjusted between the words of the target language and the word vectors as the
predetermined correspondence relationship between the words of the target language and
the word vectors. Operations 513035 and S13037 corresponds to the operation S4035 as
described above, and similarities are not mentioned here and related parts may be seen in
description related to operation S4035.

In implementations, the optimization algorithm may include a stochastic gradient
algorithm. The adopting an optimization algorithm and updating the word vectors and the
connection weights of the predetermined bilingual encoding and decoding model for text
vectors may be implemented by the following operations. 1) The computing device may
calculate the word vectors and a gradient of the connection weights of the predetermined
bilingual encoding and decoding model for text vectors based on a predetermined learning
rate and an equation of the average translation probability; 2) the computing device may
update the word vectors and the connection weights of the predetermined bilingual
encoding and decoding model for text vectors based on the word vectors and the a gradient
of the connection weights of the predetermined bilingual encoding and decoding model for

text vectors.
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At S1305, the computing device may designate an encoding part of the bilingual
encoding and decoding model for text vectors, as the text vector prediction model of the
first language If the language of the text to be quantized is the source language. If the
language of the text to be quantized is the target language, the computing device may
designate a reverse model of the encoding part of the trained bilingual encoding and
decoding model for text vectors as the text vector prediction model of the first language.

Operation S1305 corresponds to the operation S405 as described above, and
similarities are not mentioned here and related parts may be seen in description related to
operation $405.

The computing device may generate a text vector prediction model of the first
language, and a correspondence relationship between words and word vectors for the
above described operations $1301 to S1305.

The above described implementations for quantification of text, Correspondingly, the
implementations further relate to a device for quantizing text. The device corresponds to
the method described above.

As illustrated, FIG. 15 is a schematic diagram of an illustrative computing device that
enables quantizing of text. Since the implementations of the computing device is
substantially similar to those of the method as described above, the following description of
the implementations are merely illustrative.

The present disclosure relates to a device 1500 for quantizing text. The device 1500
may include an acquiring module 1501 configured to acquire the text to be quantized.

The device 1500 may further include a mapping module 1503 configured to acquire
the word vectors corresponding to the words of the text to be translated based on a
predetermined correspondence relationship between words in a source language and word
vectors.

The device 1500 may further include a predicting module 1505 configured to
generate the text vector of the text to be quantized based on the word vectors
corresponding to the words of the text to be translated, and a predetermined text vector
prediction model of the first language corresponding to a language of the text to be

guantized.
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In these instances, the word vectors may include word vectors capable of showing
bilingual semantic information. The text vector may include a text vector capable of
showing bilingual semantic information.

In implementations, the device 1500 may further include a parsing module 1502
configured to parse the text to be translated and to acquire the words of the text to be
guantized.

In implementations, the device 1500 may further include one or more processors
1505, an input/output (I/0) interface 1506, a network interface 1507 and memory 1508.
The memory 1508 may include a form of computer-readable media, e.g., a hon-permanent
storage device, random-access memory (RAM) and/or a nonvolatile internal storage, such as
read-only memory (ROM) or flash RAM. The memory 1508 is an example of computer-
readable media as described in the foregoing implementations. In implementations, the
memory 1508 may include program modules 1509 and program data 1510. The program
modules 1509 may include the acquiring module 1501, the parsing module 1502, the
mapping module 1503 and the predicting module 1505 as described in the foregoing
description.

As illustrated, FIG. 16 is another schematic diagram of an illustrative computing
device that enables quantizing of text. In implementations, the computing device 1600 may
include a generating module 1601 configured to generate a text vector prediction model of
the first language.

In implementations, the generating module 1601 may include a reading sub-module
16011 configured to read a pre-stored parallel corpus and a training sub-module 16014
configured to set a training goal as to maximize average translation probabilities of
sentences in the parallel corpus between the target language and the corresponding source
language as background, and to train a predetermined bilingual encoding and decoding
model for text vectors.

The generating module 1601 may further include a setting sub-module 16015
configured to designate an encoding part of the bilingual encoding and decoding model for
text vectors, as the text vector prediction model of the first language if the language of the

text to be quantized is the source language. If the language of the text to be quantized is the
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target language, setting sub-module 16015 may designate a reverse model of the encoding
part of the trained bilingual encoding and decoding model for text vectors as the text vector
prediction model of the first language.

In these instances, an input layer of the bilingual encoding and decoding model for
text vectors may include words of sentences of the source language and the word vectors
corresponding to the words of the sentences of the source language, and an output layer of
the bilingual encoding and decoding model for text vectors may include words of sentences
of the target language and word vectors corresponding to the words of the sentences of the
target language. The input layer of the encoding part may include text vectors of the
sentences of the source language, and the text vectors of the sentences of the source
language may include the input layer of the encoding part.

In implementations, the generating module 1601 further may include a parsing sub-
module 16012 configured to parse sentences in the parallel corpus, acquiring words of the
source language and words of the target language in the parallel corpus.

The generating module 1601 may further include an initializing sub-module 16013
configured to set word vectors having a first predetermined dimension for the words of the
source language in the parallel corpus, form a correspondence relationship to be adjusted
between the words of the source language in the parallel corpus and the word vectors, set
word vectors having a first predetermined dimension for the words of the target language in
the parallel corpus, and form a correspondence relationship to be adjusted between the
words of the target language in the parallel corpus and the word vectors.

In implementations, the training sub-module 16014 may include a first calculating
sub-module configured to traverse sentence pairs of parallel corpus sentences of the parallel
corpus sentences, and to calculate translation probabilities between sentences of the target
language of the sentence pairs of parallel corpus sentences and corresponding sentences in
the source language as the background based on the correspondence relationship to be
adjusted between the words of the source language in the parallel corpus and the word
vectors, the correspondence relationship to be adjusted between the words of the target
language and the word vectors, and the predetermined bilingual encoding and decoding

model for text vectors.
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The training sub-module 16014 may further include a second calculating sub-module
configured to calculate an average value of the translation probabilities between sentences
in the target language of the sentence pairs of parallel corpus sentences and corresponding
sentences in the source language as the background, to be an average translation probability.

The training sub-module 16014 may further include a determining sub-module
configured to determining whether the average translation probability is greater than a
previous average translation probability. If the determination result is “YES”, the
determining sub-module may adopt an optimization algorithm, update the word vectors and
the connection weights of the predetermined bilingual encoding and decoding model for
text vectors, and re-traverse the sentence pairs of parallel corpus sentences of the parallel
corpus sentences.

The training sub-module 16014 may further include a setting sub-module configured
to designate the adjusted correspondence relationship to be adjusted between the words of
the source language and the word vectors as the predetermined correspondence
relationship between the words of the source language and the word vectors if the
determination result is “NO” and if the language of the text to be quantized is the source
language. If the language of the text to be quantized is the target language, the setting sub-
module may designate the adjusted correspondence relationship to be adjusted between
the words of the target language and the word vectors as the predetermined
correspondence relationship between the words of the target language and the word
vectors.

In implementations, the computing device 1600 may further include one or more
processors 1602, an input/output (I/O) interface 1603, a network interface 1604 and
memory 1605. The memory 1605 may include a form of computer-readable media, e.g., a
non-permanent storage device, random-access memory (RAM) and/or a nonvolatile internal
storage, such as read-only memory (ROM) or flash RAM. The memory 1605 is an example of
computer-readable media as described in the foregoing implementations.

In implementations, the memory 1605 may include program modules 1606 and
program data 1607. The program modules 1606 may include the acquiring module 1501, the

parsing module 1502, the mapping module 1503, the predicting module 1505, the
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generating module 1601 (which may include one or more of the reading sub-module 16011,
the parsing sub-module 16012, the initializing sub-module 16013, the training sub-module
16014 and the setting sub-module 16015) as described in the foregoing description.

As illustrated, FIG. 17 is a schematic diagram of an illustrative electronic device in
accordance with implementations of the present disclosure. Since the implementations of
the computing device is substantially similar to those of the method as described above, the
following description of the implementations are merely illustrative.

The implementations further relate to electronic devices. The electronic device may
include: a display 1701, processor(s) 1702, memory 1703, an input/output interface 1704
and a network interface 1705, the memory 1703 storing instructions for generating
candidate translations, when the instructions are processed by the processor(s) 1702, the
device may perform the following operations. The device may acquire the text to be
guantized, acquire the word vectors corresponding to the words of the text to be translated
based on a predetermined correspondence relationship between words in a source language
and word vectors, and generate the text vector of the text to be quantized based on the
word vectors corresponding to the words of the text to be translated, and a predetermined
text vector prediction model of the first language corresponding to a language of the text to
be quantized. In these instances, the word vectors may include word vectors capable of
showing bilingual semantic information, and the text vector may include a text vector
capable of showing bilingual semantic information.

The implementations further relate to methods and devices for quantizing text using
a computing device. The computing device may. acquiring the word vectors corresponding
to the words of the text to be translated based on a predetermined correspondence
relationship between words in a source language and word vectors, and generate a text
vector of the text to be translated based on the word vectors corresponding to the words of
the text to be translated, and a predetermined text vector prediction model of the first
language corresponding to a language of the text to be quantized. The text vector may
include a text vector capable of showing bilingual semantic information such as to achieve

the effect of cross-language translations.
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the implementations further relate to a method for quantizing words. The
computing device may initialize a word vector for each word such that the word vector is
capable of showing bilingual semantic information During learning the bilingual encoding
and decoding model for text vectors.

As illustrated, FIG. 18 is a flow chart of an illustrative process for quantizing words.
This process is substantially similar to the processes described above, and therefore may
refer to corresponding parts of the processes.

The implementations relate to a method for quantizing text using a computing device.
At S1801, the computing device may read a pre-stored parallel corpus. The operation S1801
corresponds to the operation S401 as described above, and similarities are not mentioned
here and related parts may be seen in description related to operation S401.

At S1802, the computing device may parse the sentences in the parallel corpus,
acquiring words of the source language and words of the target language in the parallel
corpus.

At S1803, the computing device may set word vectors having a first predetermined
dimension for the words of the source language in the parallel corpus, form a
correspondence relationship to be adjusted between the words of the source language in
the parallel corpus and the word vectors, set word vectors having a first predetermined
dimension for the words of the target language in the parallel corpus, and form a
correspondence relationship to be adjusted between the words of the target language in the
parallel corpus and the word vectors. The operation S1802 and S1803 corresponds to the
operation S403 as described above, and similarities are not mentioned here and related
parts may be seen in description related to operation S403.

At S1804, the computing device may train a predetermined bilingual encoding and
decoding model for text vectors based on the parallel corpus, adjust the correspondence
relationship to be adjusted between the words of the source language in the parallel corpus
and the word vectors and the word vectors of the correspondence relationship to be
adjusted between the words of the target language and the word vectors to learn word
vectors capable of showing semantic information in the source language, and word vectors

capable of showing semantic information in the target language. The operation S 1804
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corresponds to the operation S405 as described above, and similarities are not mentioned
here and related parts may be seen in description related to operation S405.

In implementations, the bilingual prediction model for text vectors is a bilingual
encoding and decoding model for text vectors. The operation $1804 may be implemented
by the following operations.

The computing device may set a training goal as to maximize average translation
probabilities of sentences in the parallel corpus between the target language and the
corresponding source language as background, and the training the predetermined bilingual
encoding and decoding model for the text vectors, adjust the correspondence relationship to
be adjusted between the words of the source language in the parallel corpus and the word
vectors and the word vectors of the correspondence relationship to be adjusted between
the words of the target language and the word vectors, and acquire the word vectors
capable of showing semantic information in the source language, and word vectors capable
of showing semantic information in the target language.

Operation corresponds to operation S403 as described above, and similarities are not
mentioned here and related parts may be seen in description related to operation 5403.

In the present disclosure, an input layer of the bilingual encoding and decoding
model for text vectors may include words of sentences of the source language and the word
vectors corresponding to the words of the sentences of the source language, and an output
layer of the bilingual encoding and decoding model for text vectors may include words of
sentences of the target language and word vectors corresponding to the words of the
sentences of the target language; the input layer of the encoding part may include text
vectors of the sentences of the source language. The text vectors of the sentences of the
source language may include the input layer of the encoding part.

As illustrated, FIG. 19 is a flow chart of an illustrative process for operation 51804 as
described in FIG. 18. In implementations, operation $S1804 may be implemented using a
computing device by the following operations.

At S1901, the computing device may traverse sentence pairs of parallel corpus
sentences of the parallel corpus sentence, based on the correspondence relationship to be

adjusted between the words of the source language and the word vectors, a
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correspondence relationship to be adjusted between the words of the target language and
the word vectors, and the predetermined bilingual encoding and decoding model for text
vector. The computing device may calculate translation probabilities between sentences of
the target language of the sentence pairs of parallel corpus sentences and corresponding
sentences in the source language as the background.

The operation 51901 corresponds to the operation S4031 as described above, and
similarities are not mentioned here and related parts may be seen in description related to
operation 54031.

At S1903, the computing device may calculate an average value of the translation
probabilities between the sentences in the target language of the sentence pairs of parallel
corpus sentences and the corresponding sentences in the source language as the
background to be an average translation probability.

Operation S1903 corresponds to operation S4033 as described above, and
similarities are not mentioned here and related parts may be seen in description related to
operation 54033.

At S1905, the computing device may determine whether the average translation
probability is greater than a previous average translation probability. If the determination
result is “YES”, the computing device may adopt an optimization algorithm, update the
correspondence relationship to be adjusted between the words of the source language and
the word vectors and the word vectors of the correspondence relationship to be adjusted
between the words of the target language and the word vectors, and connection weights of
the bilingual encoding and decoding model for text vectors, and re-traverse the sentence
pairs of parallel corpus sentences of the parallel corpus sentences. If the determination
result is “NO”, the computing device may design the word vectors of the adjusted
correspondence relationship to be adjusted between the words of the source language and
the word vectors as the word vectors capable of showing semantic information in the source
language, and designate the adjusted correspondence relationship to be adjusted between
the words of the target language and the word vectors as the predetermined

correspondence relationship between the words of the target language and the word
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vectors, as the word vectors capable of showing semantic information in the source
language.

Operation S1905 corresponds to operation S4035 as described above, and
similarities are not mentioned here and related parts may be seen in description related to
operation 54035.

In implementations, the optimization algorithm may include a stochastic gradient
algorithm. In these instances, the adopting an optimization algorithm and updating the
correspondence relationship to be adjusted between the words of the source language and
the word vectors and the word vectors of the correspondence relationship to be adjusted
between the words of the target language and the word vectors, and connection weights of
the bilingual encoding and decoding model for text vectors may be implemented using a
computing device by the following operations. 1) The computing device may calculate the
correspondence relationship to be adjusted between the words of the source language and
the word vectors and a gradient of the word vectors of the correspondence relationship to
be adjusted between the words of the target language and the word vectors, and a gradient
of the connection weights of the bilingual encoding and decoding model for text vectors
based on a predetermined learning rate and an equation of the average translation
probability; 2) the computing device may calculate the correspondence relationship to be
adjusted between the words of the source language and the word vectors and a gradient of
the word vectors of the correspondence relationship to be adjusted between the words of
the target language and the word vectors, and a gradient of the connection weights of the
bilingual encoding and decoding model for text vectors, and update the correspondence
relationship to be adjusted between the words of the source language and the word vectors,
the word vectors of the correspondence relationship to be adjusted between the words of
the target language and the word vectors, and the connection weights of the predetermined
bilingual encoding and decoding model for text vector.

The implementations for quantification of text have been described above.
Correspondingly, the implementations further relate to a device for quantizing words, and

the device corresponds to the method described above.
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As illustrated, FIG. 20 is a schematic diagram of an illustrative computing device that
enables quantizing of words. Since the computing device of the embodiment is substantially
similar to the method as described above, the following description of the implementations
are merely illustrative.

The present disclosure relates to a device for quantizing text. The device 2000 may
include a retrieving module 2001 configured to read a pre-stored parallel corpus, and a
parsing module 2003 configured to parse sentences in the parallel corpus, acquiring words
of the source language and words of the target language in the parallel corpus;

The device may further include an initializing module 2005 configured to set word
vectors having a first predetermined dimension for the words of the source language in the
parallel corpus, form a correspondence relationship to be adjusted between the words of
the source language in the parallel corpus and the word vectors, set word vectors having a
first predetermined dimension for the words of the target language in the parallel corpus,
and form a correspondence relationship to be adjusted between the words of an target
language in the parallel corpus and the word vectors;

The device may further include a training module 2007 configured to train a
predetermined bilingual encoding and decoding model for text vectors based on the parallel
corpus, and adjust the correspondence relationship to be adjusted between the words of
the source language in the parallel corpus and the word vectors and the word vectors of the
correspondence relationship to be adjusted between the words of the target language and
the word vectors to learn word vectors capable of showing semantic information in the
source language and word vectors capable of showing semantic information in the target
language.

In implementations, the bilingual prediction model for text vectors is a bilingual
encoding and decoding model for text vectors.

The training a predetermined bilingual encoding and decoding model for text vectors
based on the parallel corpus, adjusting the correspondence relationship to be adjusted
between the words of the source language in the parallel corpus and the word vectors and
the word vectors of the correspondence relationship to be adjusted between the words of

the target language and the word vectors to learn word vectors capable of showing semantic
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information in the source language, and word vectors capable of showing semantic
information in the target language may be implemented using the device by the following
operations.

The device may set a training goal as to maximize average translation probabilities of
sentences in the parallel corpus between the target language and the corresponding source
language as background, and the training the predetermined bilingual encoding and
decoding model for the text vectors, adjust the correspondence relationship to be adjusted
between the words of the source language in the parallel corpus and the word vectors and
the word vectors of the correspondence relationship to be adjusted between the words of
the target language and the word vectors, and acquire the word vectors capable of showing
semantic information in the source language the word vectors capable of showing semantic
information in the target language.

In these instances, an input layer of the bilingual encoding and decoding model for
text vectors may include words of sentences of the source language and the word vectors
corresponding to the words of the sentences of the source language, and an output layer of
the bilingual encoding and decoding model for text vectors may include words of sentences
of the target language and word vectors corresponding to the words of the sentences of the
target language. The input layer of the encoding part may include text vectors of the
sentences of the source language, the text vectors of the sentences of the source language
may include the input layer of the encoding part.

In implementations, the device 2000 may further include one or more processors
2009, an input/output (I/O) interface 2011, a network interface 2013 and memory 2015.
The memory 2015 may include a form of computer-readable media, e.g., a hon-permanent
storage device, random-access memory (RAM) and/or a nonvolatile internal storage, such as
read-only memory (ROM) or flash RAM. The memory 2015 is an example of computer-
readable media as described in the foregoing implementations.

In implementations, the memory 2015 may include program modules 2017 and
program data 2019. The program modules 2017 may include the retrieving module 2001,
the parsing module 2003, the initializing module 2005 and the training module 2007 as

described in the foregoing description.
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As illustrated, FIG. 21 is a schematic diagram of an illustrative computing module that
enable quantizing of words. In implementations, the training module 2007 may include a
first calculating sub-module 20071 configured to traverse sentence pairs of parallel corpus
sentences of the parallel corpus sentences, and calculate translation probabilities between
sentences of the target language of the sentence pairs of parallel corpus sentences and
corresponding sentences in the source language as the background based on the
correspondence relationship to be adjusted between the words of the source language and
the word vectors, a correspondence relationship to be adjusted between the words of the
target language and the word vectors, and the predetermined bilingual encoding and
decoding model for text vector.

The training module 2007 may further include a second calculating sub-module
20073 configured to calculate an average value of the translation probabilities between
sentences in the target language of the sentence pairs of parallel corpus sentences and
corresponding sentences in the source language as the background to be an average
translation probability.

The training module 2007 may further include a determining sub-module 20075
configured to determine whether the average translation probability is greater than a
previous average translation probability. If the determination result is “YES”, the
determining sub-module 20075 may adopt an optimization algorithm, update the
correspondence relationship to be adjusted between the words of the source language and
the word vectors and the word vectors of the correspondence relationship to be adjusted
between the words of the target language and the word vectors, and connection weights of
the bilingual encoding and decoding model for text vectors, and re-traversing the sentence
pairs of parallel corpus sentences of the parallel corpus sentences.

If the determination result is “NO”, the determining sub-module 20075 may design
the word vectors of the adjusted correspondence relationship to be adjusted between the
words of the source language and the word vectors as the word vectors capable of showing
semantic information in the source language, and designate the adjusted correspondence
relationship to be adjusted between the words of the target language and the word vectors

as the predetermined correspondence relationship between the words of the target
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language and the word vectors as the word vectors capable of showing semantic
information in the source language.

As illustrated, FIG. 22 is a schematic diagram of another illustrative electronic device
in accordance with implementations of the present disclosure. Since the apparatus of the
embodiment is substantially similar to the method as described above, the following
description of the implementations are merely illustrative.

The implementations further relate to another electronic device. The electronic
device 2200 may include: a display 2201, processor(s) 2202, memory 2203, an input/output
interface 2204 and a network interface 2205, the memory 2203 storing instructions for
generating candidate translations, when the instructions are processed by the processor(s)
2202, the electronic device 2200 may perform the following operations. The electronic
device 2200 may read a pre-stored parallel corpus; parsing the sentences in the parallel
corpus, acquiring words of the source language and words of the target language in the
parallel corpus; setting word vectors having a first predetermined dimension for the words
of the source language in the parallel corpus, form a correspondence relationship to be
adjusted between the words of the source language in the parallel corpus and the word
vectors, set word vectors having a first predetermined dimension for the words of the target
language in the parallel corpus, and form a correspondence relationship to be adjusted
between the words of an target language in the parallel corpus and the word vectors. The
electronic device may training a predetermined bilingual encoding and decoding model for
text vectors based on the parallel corpus, and adjust the correspondence relationship to be
adjusted between the words of the source language in the parallel corpus and the word
vectors and the word vectors of the correspondence relationship to be adjusted between
the words of the target language and the word vectors, to learn word vectors capable of
showing semantic information in the source language, and word vectors capable of showing
semantic information in the target language.

The implementations further relate to methods and devices for quantizing text using
a computing device. The computing device may initialize a word vector for each word, form
the correspondence relationship to be adjusted between the words of the source language

and the word vectors and the word vectors of the correspondence relationship to be
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adjusted between the words of the target language and the word vectors, train a
predetermined bilingual encoding and decoding model for text vectors based on the parallel
corpus, adjust the correspondence relationship to be adjusted between the words of the
source language in the parallel corpus and the word vectors and the word vectors of the
correspondence relationship to be adjusted between the words of the target language and
the word vectors such as to generate word vectors capable of having semantic information
applicable to cross-language translations.

Although the present disclosure provides preferred embodiments above, it is not
intended to limit the present disclosure. One of ordinary skill in the art, without departing
from the spirit and scope of the present disclosure, may make possible changes and
modifications. Therefore, the scope of application should be defined by the scope of the
claims of the present disclosure.

In a typical configuration, a computing device includes one or more processors (CPU),
input / output interfaces, network interfaces, and memory.

Memory may include computer-readable medium volatile memory, random access
memory (RAM) and / or nonvolatile memory, etc., such as read only memory (ROM) or flash
memory (flash RAM). Computer-readable memory medium are examples.

1. A computer-readable media includes permanent and non-permanent, removable
and non-removable media that may be made in any method or technology to achieve
information storage. Information can be computer-readable instructions, data structures,
program modules or other data. Examples of computer storage media include, but not
limited to phase-change memory (PRAM), static random access memory (SRAM), dynamic
random access memory (DRAM), other types of random access memory (RAM), read only
memory (ROM), electrically erasable programmable Read Only memory (EEPROM), flash
memory or other memory technology, CD-ROM read-only memory (CD-ROM), digital
versatile disc (DVD) or other optical storage, magnetic cassettes, magnetic disk storage or
other magnetic tape storage devices, or any other magnetic non-transmission medium,
which can be used to store the information for access by computing devices. Defined in
accordance with this present disclosure, computer-readable media does not include non-

transitory media, such as modulated data signal and carriers.
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2. One skilled in the art should understand, embodiments of the present disclosure
provide a method, a system, or a computer program product. Accordingly, the present
disclosure may be entirely implemented by hardware, software, or a combination of
hardware and software. Further, the present disclosure can be used in one or more
computer usable storage media (including but not limited to optical disk storage and
memory, etc.) that contain computer usable program codes and are implemented on a
computer program product.

The embodiments are merely for illustrating the present disclosure and are not
intended to limit the scope of the present disclosure. It should be understood for persons in
the technical field that certain modifications and improvements may be made and should be
considered under the protection of the present disclosure without departing from the

principles of the present disclosure.
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CLAIMS

What is claimed is:

1. A method implemented by one or more computing devices, the method
comprising:

generating a plurality of candidate translations of a text to be translated based at
least in part on one or more translation rules;

generating respective probabilities of translation from the text to be translated to the
plurality of candidate translations based at least in part on features having impacts on the
probabilities of translation and a translation probability prediction model; and

selecting a predetermined number of candidate translations that have corresponding
probabilities of translation higher than other pending candidate translations in the pending
candidate translations as candidate translations of the text to be translated, the features
having the impacts on the probabilities of translation comprising at least degrees of
semantic similarity between the text to be translated and the plurality of candidate

translations.

2. The method of claim 1, wherein the generating the pending candidate translations
of the text to be translated based on the predetermined translation rules comprises:

determining whether a translation rule of the predetermined translation rules is
applicable to the text to be translated for the predetermined translation rules; and

in response to a determination that the translation rule of the predetermined
translation rules is applicable to the text to be translated for the predetermined translation
rules, generating a pending candidate translation of the text to be translated based on the

translation rule.

3. The method of claim 1, wherein the features further comprise at least one of:

translation probability of phrases from the text to be translated and the pending
candidate translations,

translation probabilities of phrases from the pending candidate translations to the

text to be translated,
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translation probabilities of words from the text to be translated to the pending
candidate translations,

translation probabilities of words from the pending candidate translations to the text
to be translated, or one or more language models of the pending candidate translations, or

classification probabilities of reordering and non-reordering of the text to be

translated and the pending candidate translations.

4. The method of claim 1, wherein the degrees of semantic similarity between the
text to be translated and the pending candidate translations are calculated by:

obtaining a text vector of the text to be translated and text vectors of the pending
candidate translations;

calculating distances between the text vector of the text to be translated and the text
vectors of the pending candidate translations; and

designating the distances as the degrees of semantic similarity of the text to be
translated and the pending candidate translations, wherein the text vector comprises a text

vector capable of showing bilingual semantic information.

5. The method of claim 4, wherein the text vector of the text to be translated and the
text vectors of the pending candidate translations are generated by:

acquiring word vectors corresponding to words of the text to be translated based on
a predetermined correspondence relationship between the words of a source language and
the word vectors;

acquiring the word vectors corresponding to the words of the pending candidate
translations based on the predetermined correspondence relationship between the words
of a target language and the word vectors;

generating the text vector of the text to be translated based on word vectors
corresponding to words of the text to be translated and a predetermined text vector
prediction model of the source language; and

generating the text vectors of the pending candidate translations based on the word

vectors corresponding to the words of the pending candidate translations and a
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predetermined text vector prediction model of the target language, wherein the word

vectors comprises word vectors capable of showing bilingual semantic information.

6. The method of claim 5, further comprising:

prior to the acquiring the word vectors corresponding to the words of the text to be
translated based on the predetermined correspondence relationship between the words of
the source language and the word vectors and the acquiring word vectors corresponding to
the words of the pending candidate translations based on the predetermined
correspondence relationship between the words of the target language and the word
vectors,

parsing the text to be translated;

acquiring the words of the text to be translated, or parsing the pending candidate
translations; and

acquiring the words of the pending candidate translations.

7. The method of claim 5, wherein the predetermined text vector prediction models
of the target language and the source language are generated by:

reading a pre-stored parallel corpus;

setting a training goal as to maximize average translation probabilities of sentences in
the parallel corpus between the target language and the corresponding source language as
background;

training a predetermined bilingual encoding and decoding model for text vectors;

designating an encoding part of the bilingual encoding and decoding model for text
vectors after training, as the predetermined text vector prediction model of the source
language; and

designating a reverse model of the encoding part of the trained bilingual encoding
and decoding model for text vectors, as the predetermined text vector prediction model of

the target language, wherein:
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an input layer of the bhilingual encoding and decoding model for text vectors
comprises words of sentences of the source language and the word vectors
corresponding to the words of the sentences of the source language,

an output layer of the bilingual encoding and decoding model for text vectors
comprises words of sentences of the target language and word vectors
corresponding to the words of the sentences of the target language,

the input layer of the encoding part comprises text vectors of the sentences
of the source language, and

the text vectors of the sentences of the source language comprise the input

layer of the encoding part.

8. The method of claim 7, further comprising:

prior to the setting the training goal as to maximize average translation probabilities
of the sentences in the parallel corpus between the target language and the corresponding
source language as background, and the training the predetermined bilingual encoding and
decoding model for text vectors,

parsing the sentences in the parallel corpus;

acquiring words of the source language and words of the target language in the
parallel corpus;

setting word vectors having a first predetermined dimension for the words of the
source language in the parallel corpus;

forming a correspondence relationship to be adjusted between the words of the
source language in the parallel corpus and the word vectors;

setting word vectors having a first predetermined dimension for the words of the
target language in the parallel corpus; and

forming a correspondence relationship to be adjusted between the words of the

target language in the parallel corpus and the word vectors.

9. The method of claim 8, wherein the setting the training goal as to maximize

average translation probabilities of the sentences in the parallel corpus between the target
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language and the corresponding source language as background and the training the
predetermined bilingual encoding and decoding model for the text vectors comprises:
traversing parallel corpora of sentence pairs of the parallel corpus sentence, based
on the correspondence relationship to be adjusted between the words of the source
language in the parallel corpus and the word vectors, the correspondence relationship to be
adjusted between the words of the target language and the word vectors, and the
predetermined bilingual encoding and decoding model for text vector
calculating translation probabilities between sentences of the target language of the
parallel corpora of sentence pair and corresponding sentences in the source language as the
background based on the correspondence relationship to be adjusted between the words of
the source language in the parallel corpus and the word vectors, the correspondence
relationship to be adjusted between the words of the target language and the word vectors,
and the predetermined bilingual encoding and decoding model for text vector;
calculating an average value of the translation probabilities between the sentences in
the target language of the parallel corpora of sentence pair and the corresponding
sentences in the source language as the background, to be an average translation probability;
determining whether the average translation probability is greater than a previous
average translation probability;
in response to a determination that the average translation probability is greater
than the previous average translation probability:
adopting an optimization algorithm, and
updating the word vectors and the connection weights of the predetermined
bilingual encoding and decoding model for text vectors and re-traversing the parallel
corpora of sentence pairs of the parallel corpus sentences; and
in response to a determination that the average translation probability is not greater
than the previous average translation probability:
designating the adjusted correspondence relationship to be adjusted
between the words of the source language and the word vectors as the
predetermined correspondence relationship between the words of the source

language and the word vectors, and
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designating the adjusted correspondence relationship to be adjusted
between the words of the target language and the word vectors as the
predetermined correspondence relationship between the words of the target

language and the word vectors.

10. The method of claim 9, wherein the adopting the optimization algorithm
comprises adopting a stochastic gradient algorithm, and the adopting an optimization
algorithm and updating the word vectors and the connection weights of the predetermined
bilingual encoding and decoding model for text vectors comprise:

calculating the word vectors and gradients of the connection weights of the
predetermined bilingual encoding and decoding model for text vectors based on a
predetermined learning rate and an equation of the average translation probability; and

updating the word vectors and the connection weights of the predetermined
bilingual encoding and decoding model for text vectors based on the word vectors and the
gradients of the connection weights of the predetermined bilingual encoding and decoding

model for text vectors.

11. A device for quantification of text, the device comprising:
one or more processors; and
memory to maintain a plurality of components executable by the one or more
processors, the plurality of components comprising:

an acquiring module configured to acquire the text to be quantized;

mapping module configured to acquiring the word vectors corresponding to
the words of the text to be translated based on a predetermined correspondence
relationship between words in a source language and word vectors; and

a predicting module configured to generate the text vector of the text to be
guantized based on the word vectors corresponding to the words of the text to be
translated and a predetermined text vector prediction model of the first language

corresponding to a language of the text to be quantized, wherein the word vectors
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comprises word vectors capable of showing bilingual semantic information. the text

vector comprises a text vector capable of showing bilingual semantic information.

12. The device of claim 11, wherein the plurality of components further comprise:
a parsing module configured to parse the text to be translated and acquire the words

of the text to be quantized.

13. The device of claim 11, wherein the plurality of components comprising:
a generating module configured to generating a text vector prediction model of the

first language.

14. The device of claim 13, wherein the generating module comprises:
a reading sub-module configured to read a pre-stored parallel corpus;
a training sub-module configured to:
set a training goal as to maximize average translation probabilities of
sentences in the parallel corpus between the target language and the corresponding
source language as background, and
train a predetermined bilingual encoding and decoding model for text vectors;
a setting sub-module configured to:
if the language of the text to be quantized is the source language, designate an
encoding part of the bhilingual encoding and decoding model for text vectors as the text
vector prediction model of the first language,
if the language of the text to be quantized is the target language, designate a reverse
model of the encoding part of the trained bilingual encoding and decoding model for text
vectors as the text vector prediction model of the first language, wherein:
an input layer of the bhilingual encoding and decoding model for text vectors
comprises words of sentences of the source language and the word vectors

corresponding to the words of the sentences of the source language,
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an output layer of the bilingual encoding and decoding model for text vectors
comprises words of sentences of the target language and word vectors
corresponding to the words of the sentences of the target language,

the input layer of the encoding part comprises text vectors of the sentences
of the source language, and

the text vectors of the sentences of the source language comprise the input

layer of the encoding part.

15. The device of claim 14, wherein the generating module further comprises:
a parsing sub-module configured to:

parse sentences in the parallel corpus,

acquire words of the source language and words of the target language in the
parallel corpus;
an initializing sub-module configured to:

set word vectors having a first predetermined dimension for the words of the
source language in the parallel corpus,

form a correspondence relationship to be adjusted between the words of the
source language in the parallel corpus and the word vectors,

set word vectors having a first predetermined dimension for the words of the
target language in the parallel corpus, and

form a correspondence relationship to be adjusted between the words of the

target language in the parallel corpus and the word vectors.

16. The device of claim 14, wherein the training module comprises:
a first calculating sub-module configured to:
traverse parallel corpora of sentence pairs of the parallel corpus sentences,

calculate translation probabilities between sentences of the target language of the

parallel corpora of sentence pair and corresponding sentences in the source language as the
background based on the correspondence relationship to be adjusted between the words of

the source language in the parallel corpus and the word vectors, the correspondence
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relationship to be adjusted between the words of a target language and the word vectors,
and the predetermined bilingual encoding and decoding model for text vector; and
a second calculating sub-module configured to calculate an average value of the
translation probabilities between sentences in the target language of the parallel corpora of
sentence pair and corresponding sentences in the source language as the background to be
designated as an average translation probability;
a determining sub-module configured to:
determine whether the average translation probability is greater than a previous
average translation probability,
in response to a determination that the average translation probability is greater
than a previous average translation probability:
adopt an optimization algorithm,
updating the word vectors and the connection weights of the predetermined
bilingual encoding and decoding model for text vectors, and
re-traversing the parallel corpora of sentence pairs of the parallel corpus
sentences;
a setting sub-module configured to:
in response to a determination that the average translation probability is not greater
than a previous average translation probability:
if the language of the text to be quantized is the source language, designate
the adjusted correspondence relationship to be adjusted between the words of the
source language and the word vectors as the predetermined correspondence
relationship between the words of the source language and the word vectors, and
if the language of the text to be quantized is the target language, designate
the adjusted correspondence relationship to be adjusted between the words of the
target language and the word vectors as the predetermined correspondence

relationship between the words of the target language and the word vectors.
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17. One or more computer-readable media storing executable instructions that,
when executed by one or more processors, cause the one or more processors to perform
acts comprising:

reading a pre-stored parallel corpus;

parsing the sentences in the parallel corpus;

acquiring words of the source language and words of the target language in the
parallel corpus;

setting word vectors having a first predetermined dimension for the words of the
source language in the parallel corpus;

forming a correspondence relationship to be adjusted between the words of the
source language in the parallel corpus and the word vectors;

setting word vectors having a first predetermined dimension for the words of the
target language in the parallel corpus;

forming a correspondence relationship to be adjusted between the words of a target
language in the parallel corpus and the word vectors;

training a predetermined bilingual encoding and decoding model for text vectors
based on the parallel corpus; and

adjusting the correspondence relationship to be adjusted between the words of the
source language in the parallel corpus and the word vectors and the word vectors of the
correspondence relationship to be adjusted between the words of the target language and
the word vectors to learn word vectors capable of showing semantic information in the
source language and word vectors capable of showing semantic information in the target

language.

18. The one or more computer-readable media of claim 17, wherein the bilingual
prediction model for text vectors is a bilingual encoding and decoding model for text vectors,
and wherein the training a predetermined bilingual encoding and decoding model for text
vectors based on the parallel corpus and adjusting the correspondence relationship to be
adjusted between the words of the source language in the parallel corpus and the word

vectors and the word vectors of the correspondence relationship to be adjusted between
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the words of the target language and the word vectors to learn word vectors capable of
showing semantic information in the source language and word vectors capable of showing
semantic information in the target language are implemented by:
setting a training goal as to maximize average translation probabilities of sentences in
the parallel corpus between the target language and the corresponding source language as
background and the training the predetermined bilingual encoding and decoding model for
the text vectors;
adjusting the correspondence relationship to be adjusted between the words of the
source language in the parallel corpus and the word vectors and the word vectors of the
correspondence relationship to be adjusted between the words of the target language and
the word vectors;
acquiring the word vectors capable of showing semantic information in the source
language, the word vectors capable of showing semantic information in the target language,
wherein:
an input layer of the bhilingual encoding and decoding model for text vectors
comprises words of sentences of the source language and the word vectors
corresponding to the words of the sentences of the source language,
an output layer of the bilingual encoding and decoding model for text vectors
comprises words of sentences of the target language and word vectors
corresponding to the words of the sentences of the target language,
the input layer of the encoding part comprises text vectors of the sentences
of the source language, and
the text vectors of the sentences of the source language comprise the input

layer of the encoding part.

19. The one or more computer-readable media of claim 17, wherein the setting the
training goal as to maximize average translation probabilities of the sentences in the parallel
corpus between the target language and the corresponding source language as background,
and the training the predetermined bilingual encoding and decoding model for the text

vectors, adjusting the correspondence relationship to be adjusted between the words of the
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source language in the parallel corpus and the word vectors and the word vectors of the
correspondence relationship to be adjusted between the words of the target language and
the word vectors, and acquiring the word vectors capable of showing semantic information
in the source language and word vectors capable of showing semantic information in the
target language comprise:
traversing parallel corpora of sentence pairs of the parallel corpus sentence;
calculating translation probabilities between sentences of the target language of the
parallel corpora of sentence pair and corresponding sentences in the source language as the
background based on the correspondence relationship to be adjusted between the words of
the source language and the word vectors, a correspondence relationship to be adjusted
between the words of the target language and the word vectors, and the predetermined
bilingual encoding and decoding model for text vector;
calculating an average value of the translation probabilities between the sentences in
the target language of the parallel corpora of sentence pair and the corresponding
sentences in the source language as the background to be an average translation probability;
determining whether the average translation probability is greater than a previous
average translation probability;
in response to a determination that the average translation probability is greater
than a previous average translation probability:
adopting an optimization algorithm,
updating the correspondence relationship to be adjusted between the words
of the source language and the word vectors and the word vectors of the
correspondence relationship to be adjusted between the words of the target
language and the word vectors, and connection weights of the bilingual encoding
and decoding model for text vectors, and
re-traversing the parallel corpora of sentence pairs of the parallel corpus

sentences;
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in response to a determination that the average translation probability is not greater
than a previous average translation probability:

designing the word vectors of the adjusted correspondence relationship to be
adjusted between the words of the source language and the word vectors as the
word vectors capable of showing semantic information in the source language, and

designating the adjusted correspondence relationship to be adjusted
between the words of the target language and the word vectors as the
predetermined correspondence relationship between the words of the target
language and the word vectors as the word vectors capable of showing semantic

information in the source language.

20. The one or more computer-readable media of claim 19, wherein the adopting the
optimization algorithm comprises adopting a stochastic gradient algorithm, and wherein the
adopting an optimization algorithm and updating the correspondence relationship to be
adjusted between the words of the source language and the word vectors and the word
vectors of the correspondence relationship to be adjusted between the words of the target
language and the word vectors and connection weights of the hilingual encoding and
decoding model for text vectors comprise:

calculating the correspondence relationship to be adjusted between the words of the
source language and the word vectors and a gradient of the word vectors of the
correspondence relationship to be adjusted between the words of the target language and
the word vectors, and gradients of the connection weights of the bilingual encoding and
decoding model for text vectors based on a predetermined learning rate and an equation of
the average translation probability; and

updating the correspondence relationship to be adjusted between the words of the
source language and the word vectors, the word vectors of the correspondence relationship
to be adjusted between the words of the target language and the word vectors, and the
connection weights of the predetermined bilingual encoding and decoding model for text
vector based on the correspondence relationship to be adjusted between the words of the

source language and the word vectors and the gradient of the word vectors of the
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correspondence relationship to be adjusted between the words of the target language and

the word vectors, and gradients of the connection weights of the bilingual encoding and

decoding model for text vectors.
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correspondence relationship between words in a source language and the word vectors; and a bilingual encoding for text vectors.
However, these common features are previously disclosed by WO 97/08604 A2 to SYRACUSE UNIVERSITY (hereinafter “Syracuse”).
Syracuse discloses word vectors corresponding to words of a text to be translated based on a correspondence relationship between
words in a source language and the word vectors; (producing a vector representation of the concept-level contents (correspondence
relationship) of the source language text to be translated; page 17, lines 25-45); and a bilingual encoding for text vectors (the vector
representation of the text is a polysemous word mapped to three multilingual concept groups (showing bilingual semantic information);
page 18, lines 13-30).

Since the common technical features are previously disclosed by the Syracuse reference, these common features are not special and so
Groups -1l lack unity.
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