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MACHINE TRANSLATION METHOD AND APPARATUS

BACKGROUND

{0001} Machine learning techniques such as Deep Neural Networks (DNN)
have achicved cxcellent performance on difficult learning tasks such as visual object
recognition and speech recognition. Some models based on the machine learning
techniques such as the deep neural networks have been successfully applied for
machine {ranslation. Typically a huge data corpus having tremendous bilingual data
pairs is required to train such a DNN-based model in order to achieve satisfied
translation performance. Otherwise, if there 1s not enough bilingual fraining data, the

translation performance would be impaired.

SUMMARY

[0002] The following summary is provided to introduce a selection of concepts
i a stmplitied form that are further described below in the detailed description. This
sumynary is not intended to identify key {eatures or essential features of the claimed
subject matter, nor is it intended to be used to limit the scope of the claimed subject
matter.

{0003} According to an embodiment of the subject matter described herein, a
machine translation method comprises: mapping a source sentence in a first language
to a semantic space predefined by a knowledge base by using a first machine learning
module, to extract key information of the source sentence; and generating a target
sentence in a second language by using a second machine learning module based on
the extracted key information.

(0004} According to an embodiment of the subject matter, a machine translation
apparatus comprises: a first machine learning module configured to map a source
sentence in a first language to a semantic space predefined by a knowledge base, to
extract key information of the source sentence; and a second machine learning module
configured to generate a target sentence in a second language based ou the extracted

key information.
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BRIEF DESCRIPTION OF THE DRAWINGS

{0005} Various aspects, features and advantages of the subject matter will be
wmore apparent from the detailed description set forth below when taken in conjunction
with the drawings, in which use of the same reference number in different figures
indicates similar or identical items.

[0006] FIG. 1 illustrates a block diagram of an exemplary environment where
embodiments of the subject matter described herein may be implemented;

{0007} FIG. 2 illustrates an existing neural network model for machine
transiation;

[0008] FIG. 3 ilustrates a structure for machine translation utilizing a
knowledge-based semantic space according to an embodiment of the subject matter;

[0009] FIG. 4 illustrates a knowledge base organized in a free structure
according to an embodiment of the subject matter;

{0010} FIG. 5 illustrates a machine learning module for extracting key
information of a source sentence according to an embodiment of the subject matter;

[0011] FIG. 5A illustrates an exemplary process for obtaining a hidden vector in
a recurrent state according to an embodiment of the subject matter;

{0012} FIG. 6 illustrates a machine learning module for generating a target
sentence according to an embodiment of the subject matter;

{0013} FIG. 6A illustrates a neural network-based model for generating a target
sentence according to an embodiment of the subject matter;

[0014] FIG. 6B illustrates how explicit semantic tuples control the generation of
a target sentence according to an embodiment of the subject matter;

[0015] FIG. 7 illustrates a machine learning module for extracting key
information of a source sentence according to an embodiment of the subject matter;

[0016] FIG. 7A illustrates a structure for calcolating attention weights for
respective hidden vectors according to an embodiment of the subject matter;

(0017} FIG. 8 illustrates a machine learning module for generating a target
sentence according (o an embodiment of the subject matter;

2
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[(0018] FIG. 9 illustrates a process for translating a source sentence {o a target
sentence according (o an embodiment of the subject matter;

{0019} FIG. 10 ilustrates a block diagram of an apparatus for machine
transiation according to an embodiment of the subject matter; and

{0020} FIG. 11 illustrates a block diagram of a computer system for machine

translation according to an embodiment of the subject matter.

DETAILED DESCRIPTION

{0021} The subject matter described herein will now be discussed with reference
to example embodiments. It should be understood these embodiments are discussed
only for the purpose of cnabling those skilled persons in the art to better understand
and thus implement the sabject matter described herein, rather than suggesting any
hitations on the scope of the subject matter.

’

{00221 As used herein, the term “includes” and its varants are to be read as
open terms that mean “includes, but is not limited to”. The term “based on” is to be
read as “based at least in part on”. The terms “one embodiment” and “an embodiment”
are to be read as “at least one implementation”. The term “another embodiment” is to
be read as “at least one other embodiment”. The terms “first”, “second”, and the like
may refer to different or sarmne objects. Other definitions, explicit and implicit, may be
included below. A definition of a term is consistent throughout the description unless
the context clearly indicates otherwise.

[0023] FIG. 1 illustrates a block diagram of an exemplary environment 10
where embodiments of the subject matter described herein can be implemented. It is
to be undersiood that the structure and functionality of the environment 10 are
described only for the purposc of illustration without suggesting any limitations as to
the scope of the subject matter described herein. The subject matter described herein
can be embodied with a different structure or functionality.

[0024] The environment 10 may include a terminal 100, a server 200 and a
terminal 300. The server 200 may support one or more services such as an electronic
business (e.g. online shopping), a forum of topics such as sport, movie, politics,

“a
b
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entertainment, or the like. The terminal 100/300 may be a client device such as a
mobile phone, a Personal Digital Assistant (PDA), a laptop, a desk computer, a tablet,
or the like, which is connected to the server 200 over a network such as Wide Area
Network (WAN), Local Area Network (LAN), Wireless Local Area Network (WLAN),
cellular network, or the like. The terminal 100/300 may include an input 110/310 and
an output 120/320. The input 110/310 may receive text input such as a text sentence,
and may also receive speech input. Likely the output 12(/320 may provide text output,
and may also provide speech output. The subject matter 1s not limited to the specific
form of the input and output.

{0025] 1To a scenario, the server 200 may support an electronic business website,
A translation module 210 in the server 200 may provide translation between a buyer
and a seller who speak in different languages, where the buyer and the seller may
discuass about the business using their terminals 100 and 300 via the aid of the
translation provided by the server.

{0026] In another scenario, the server 200 may support a forom related to a
ceriain topic. For example, the forum may be related to movies. Users from different
countries may publish movie related posts using their terminals 100, 300 and so on
via the aid of the transiation provided by the server.

{0027} It is to be understood that the scenarios arc described only for the
purpose of illustration without suggesting any limitations as to the scope of the
subject matter described herein. The subject matter described herein can be embodied
in various scenarios.

[0028] FIG. 2 illustrates an existing neural network model for machine
translation. This model may be referred to as sequence to sequence (S25) model.

{0029] The 525 model tries to learn translation relation in a continuous vector
space. As shown in FIG. 2, the S28 framework 1ncludes an encoder 210 and a decoder
220. To compress a variable-length source senfence into a fixed-size vector, the
encoder 210 may read words one by one of a source sentence and generate a sequence
of hidden vectors by using a recurrent neural network (RNN). The words are
representied by x4, x; ... xy, and the hidden vectors hy, hy ... hy are shown as circles in

4
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FIG. 2. By reading all the source words and generating the hidden vectors recurrently,
the final idden vector by should contain all information of the source sentence, and it
1s used and referred to as a context vector C. Based on the context vector C, another
RNN-based neural network is used in the decoder 220 to generate a sequence of
hidden vectors hy, hy ... hy and accordingly a target sentence. The words of the target
sentence are represented by vi, yz ... yr in FIG. 2.

[(G030] The context vector C plays a key role in the connection of source and
target language spaces, and it should contain all the internal meaning extracted from
the source sentence, based on which, the decoder 220 can generate the target sentence
keeping the meaning unchanged. To extract the internal meaning which is represented
by the context vector C and generate the target sentence, the 525 model usually needs
a large number of parameters, and a huge bilingual corpus is required to train them.

[0031] In many cases, the internal meaning of a sentence is not easy to learn,
especially when the language is informal. For a same intention, there may be various
expressions with very different surface character strings, which aggravates the
ditficulty of the internal meaning exiraction.

[0032] As shown in Table 1, there are three different expressions in Chinese for
a saime intention, that 1s, a customer wants a white 4G cellphone with a big screen.
The first and sccond expressions (Source sentence | and Source sentence 2) are
wordy and contain lots of verbiages. To obtain the internal meaning, the encoder 210
should ignore these verbiages and focus on key information. On the other hand, the
encoder 210 should not omit key information while ignoring these verbiages.
However it is hard to train the S25 model to accurately focus on the key mformation
and not omit key information, even with a large amount of bilingual training data. For
exarnple, as shown in table 1, for the wordy source sentence 1, the 525 model does
not generate the translation of “[1TE) " /“white”, and fails to preserve the correct

meaning of source sentence 1.
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{ntention 1 want @ white 40 coliphone with a big serom,

Enoflme ¥ opod x 4G coliphone with o g sereen,

TABLE 1

[0033] FIG. 3 dlustrates a knowledge-based model 30 for machine translation
using neural networks according to an embodiment of the subject matter.

{0034} In the knowledge-based model 30, a knowledge-based semantic space
330 15 utilized to guide the extraction of key information of the source sentence. The
semantic space 330 comprises a plurality of semantic tuples. The module 30 includes
a key information extraction section 310 and a target generation section 320. The key
information extraction section 310 may map a source sentence in a {irst language {(e.g.
Chinese) to a semantic space 330 predefined by a knowledge base by using a first
neural network to extract key information 340 of the source sentence, wherein the
extracted key information is predefined in the knowledge base. The target gencration
section 320 may generate a target sentence in a second language (e.g. English) by
using a second peural network based ov the extracted key information 340.

{0035} As shown in FIG. 3, the key information cxtraction section 310 and the
target generation section 320 may be implemented by using neural networks. Source
monolingual data and a knowledge base, e.g.. the knowledge tree 40 shown in FIG. 4,
may be used to train the section 310 to extract key information of a source sentence.
For example, the key information may be semantic tuples 340 in the semantic space
330 predelined by the kvowledge tree 40. In an embodiment, the exiracted semantic
tuples 340 may be represented by a vector, which indicates which nodes in the
knowledge tree 40 are extracted as the key information of the source sentence. As the
knowledge tree with its structure and its nodes representing respective semantic
information is predefined, the vector representing the extracted semantic tuples 340

actually indicates explicit semantic information, and thus may be referred to as

o
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explicit semantic vector. For example, if the knowledge base has N nodes, the vector
may be a N-bit vector with a bit position in the vector correspounding to a node in the
knowledge base, where a bit 1 indicates presence of a corresponding node and a bit
indicates non-presence of a corresponding node. It should be understood that the
subject matter is not limited to the form of the explicit semantic vector, other methods
for representing the extracted key information are also applicable.

[(036] The same knowledge base and target monolingual data may be used to
train the target gencration section 320 to generate a natural language target sentence
based on key information (e.g. the semantic tuples 340) predefined in the knowledge
base. For example, the target generation section 320 may be trained to produce 4
target sentence bascd on an explicit semantic vector.

[0037] Different {rom the SZ5 model 20 using large bilingual corpus for training,
the knowledge-based model 30 allows separate training of the key information
extraction section 310 (i.c., the source section) and the target generation section 320
(i.c., the target section), and the training on each side only needs monolingual data
and corresponding knowledge base. Also the semantic vector obtained in the
knowledge-based model 30 is no longer an implicit continuous number vector (e.g.,
the hidden vector C in FIG. 2), but an explicit semantic vector.

[0038] The semantic space 330 is defined by the knowledge base, and thus the
key information can be extracted accurately from source sentence. In such a way,
users can easily add external knowledge into the knowledge base to guide the model
to generate correct translation results.

[0039] After the training of the key information extraction section 310 and the
fraining of the target generation section 320, the model 30 1s ready for translation. For

B, explicit semantic tuples as shown in 340 are extracted as

W, i, R
key information of the source sentence by mapping the source senience to the
knowledge-based semantic space 330, and then a target sentence in English “I want a

white 4G cellphone with a big screen” is generated.

[0040] FIG. 4 illustrates a knowledge base organized in a free structure
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according to an embodiment of the subject matter. Given the source sentence as
shown wn FIG. 3, the semantic tuples 340 are obtained. Since the knowledge base 1s
organized in a tree structure, the semantic tuples 340 may be seen as several paths in
the tree. The solid lines show the paths corresponding to the semantic tuples 340, for
cxample, a path Root ->category->celiphone represents the tuple Category.cellphone.
It is worth noticing that the knowledge base is language-irrelevant.

[0041] The knowledge base may provide knowledge about semantic
information in a specific context. For example, the knowledge base shown in FIG. 4
may provide knowledge about semantic information in electronic business. In a
scenario of electronic business, e.g. as shown in FIG. 1, the seniences are typically
related to specific contents such as those contained in the knowledge base shown in
Fig.4. It should be understood that the knowledge base may be related to any domain
such as physics, chemusiry, medical, movie, sport, entertainment and so on. Taking
advantage of the knowledge base related to a specific context, the data amount
required for sufficiently training the source and target newral networks can be
significantly reduced coropared o the existing 525 meodel as shown in FIG. 2, and the
translation accuracy can be improved.

(0042} FIG. 5 illostrates a source machine learning module 50 for extracting key
information of a source sentence according to an embodiment of the subject matter.
The machine learning module 50 may be implemented as or may comprise a neural
network-based model for extracting key information of a source sentence according to
an embodiment of the subject matter. The neural network-based model is shown in
FI1G. 5 and may be referred to as a source neural network.

[0043] The source machine learning module 50 may include a RNN 510, a
knowledge tree 520 and a classifier 530. The classifier 530 may be neural
network-based classifier, such as a neural network-based logistic regression (LR)
classifier. The RNN 510 may read words represented by xi, xz ... xr of a source
sentence and generate a sequence of hidden vectors hy, h; ... hy by using equation (1).
1)

where [ 1s a non-linear function, which may be as simple as an element-wise

o~

fy = flleg, x)

[l
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logistic sigmoid fonction and may be as complex as a long short-term memory
(LSTM) unit.

{0044} FIG. 5A illustrates an exemplary process for obtaining a hidden vector h
based on a previous hidden vector hy and a current input x, at time-stamp ¢. Given an
input sentence X = {xy, Xz ... X7h as shown in FIG. SA, at time-stamp 7, an input word
x.1s fed into the neural network. With the embedding layer r, the word x, is mapped
into a real vector 1= #{x,}. Then the real vector v, is fed into a recurrent function g to
get the hidden vector by = g (r, hiy) at time-stamp £ In an embodiment, a Gated
Recurrent Unit (GRU) may be employed as the recurrent function g, in order to model
the long dependency and memorize the information of words far {rom the end.

[0045] Referring back to FIG. 5, after a sequence of hidden vectors hy, hy ... hy
are generated by the RNN 510, the final hidden vector hr may be used as the context
vector of the source senfence, which is shown as # in FIG. 5. The process of
obtaining the context vector H from a sentence may be referred to as sentence
embedding, which may be used to compress the variable-length source sentence into a
fixed-size context vector.

[0046] The knowledge base 520 such as the knowledge tree 40 may be used to
extract the key information of the source sentence. Given a knowledge base for a
specific domain, an intention of this domain may be divided into several classes,
while each class has subclasses. All the classes can be organized as a tree structure.
The knowledge base in the tree structure may be referred to as a taple tree. The terms
knowledge base, knowledge tree, and tuple tree may be interchangeably used in the
description.

[0047] The classifier 530 may be a neural-network-based hierarchical classifier,
which may be built as follows: each edge ¢ of the tree has a weight vector W, which
may be randomly inttialized, and learned with training data; the tree may be gone
through top-down to find available paths, and for each current node, the classifier 530
may decide which child node may be chosen. As shown in FIG. 4, a node in the tree is
corresponding to the edge ending at the node, therefore we may also say that each
node of the free has a weight vector W.. As shown in FIG. 5, a dot product 15

9
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performed on the weight vector Weol a node and the context vector H of the sowrce
sentence, the result of the dot product is input into the classifier 530. The classifier
530 may decide whether the node may be chosen based on the dot product of its

weight vector W and the context vector H.

£ . Sy P2l N R SR Y > S UL S R STy S R
Somrge N . AN A BRSO PNRG T &

Taples  Ap

TABLE 2

{0048} In an embodiment, a logistic regression (LR) classifier may be used as
the classifier 530. As shown in table 2, given the wordy source sentence “W, HMH
KRN 4G FALE? 2R, 7, the LR classifier 530 may go through the
knowledge trec 520, and may choose three child nodes Category, Network and
Appearance in the first layer, and in the second layer, may choose a chiid node
Cellphone following its parent node Category, a child node 4G {ollowing its parent
node network, two child node Size and Color following their parent node Appearance,
and in the third layer, may choose a child node Big_screen following its parent node
Size, a child node White following its parent node Color. Then the semantic tuples as
shown in table 2 are extracted for the source sentence based on the context vector H
of the source sentence and the weight vectors of the edges or nodes of the knowledge
tree. In an embodiment, the probability to choose an edge ¢ with its child node may be
computed as shown in equation (2), and the classifier 530 may decide whether to

choose the edge e or the corresponding node based on the probability.

2

where wWe H s the dot product of the weight vector W, of an edge or node and
the context vector H.

[0049] In an embodiment, while the classifier 530 goes through the knowledge
tree 520, it may classify each node as bit 1 or §, for example, the nodes corresponding
to the extracted tuples shown in table 2 are classified as 1. and the other nodes are

1¢
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classified as 0, and accordingly an explicit semantic vector which represents the
presence of the explicit semantic tuples in the source sentence is generaled. For
example, if there are N edges or nodes in the knowledge base, the explicit semantic
vector may be an N-bit vector with a bit position in the vector corresponding to a node
in the knowledge base. The length N of the obtained semantic vector may be a large
number, and usually the exiracted tuples may only include a few nodes for a source
sentence. That is to say, usually the N-bit vector may be a sparse vector, and it is not
necessary to actually generate an N-bit vector, for example, only the position indexes
of bit 1s in the semantic vector may be generated. In this case, the generated position
indexes also represent the resulting semantic vector.

{0050} FIG. 6 illustrates a target machine learning module 60 for generating a
target sentence based on the extracted key information according to an embodiment of
the subject matler. The machine learning wodule may be implemenied as or may
comprise a neural network-based model for generating a target sentence based on the
extracted key information according to an embodiment of the subject matter. The
neural network-based roodel is shown in FIG. 6 and may be relerred to as a target
neural network.

[(G051] In an embodiment, the target neural network may be a RNN. As shown
in FIG. 6, based on the explicit semantic vector (shown as C) generated by the source
neural network 50, a sequence of hidden vectors hy, hy ... hy and respectively words
Vi, ¥2 ... vr of a target sentence may be generated by the RNN recurrently. For
cxample, at time stamp t, the hidden vector by may be obtained by using cquation (3},
and the probability of the target word y, may be calculated by using equation (4).

By = g(’hz»b ¥Yeb C) (3)

PO Y0 Feeg o 3 L 5

{4)

{0052} The function g in eguation (3) may be a recurrent function in the RNN.
The equation (4) may be a soft-max function to produce the probability of the word v,
and accordingly the word y. 18 produced. It should be understood that the subject

matter is not limited {o a specific recurrent function or a specific soft-max function.
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[(G053] FIG. 6A illustrates a process of target sentence generation according to
an embodiment of the subject matter. In an embodiment, a Gated Recurrent Unit
(GRU)} may be employed as the recurrent function g in eguation (3). For example, a

GRU may be implemented as equations (3) to (10},

d, = o(Wohy,_, + U%h,_ + Vi, ) (5)
¢ = 4,80 4 {©)

v = oWy, U Th V) (7

R = tanh(Wy,_, + U, Ghe_ ) + Vi) (8)
7 = (W + U + Vi) %)

hy = (1~ 2,)Oh; + z,Qh,_, + tanh{V’¢,) (10)

[0054] C, is initialized as the semantic vector C and updated recurrently based
on an extraction gate d. o is a non-lincar function. tanh is a tangent function. ©
denotes a bit-wise production. W, U, V, W%, U, V¢, W", U", V!, W, U, V” are learned
parameters by training.

{0055} In the GRU, for each recurrent state t, an extraction gate may be used to
retrieve and remove information from the semantic vector C to generate the
corresponding target word. For example, as shown in FIG. 6A, for the semantic tuples
in table 2, the target RNN may generate the target sentence word by word, until meets
the end symbol character: “I want a white 4G cellphone with a big screen.”.

{0056} To force the target neural network to generate the target sentence keeping
information contained in the semantic vector C unchanged, two additional terms may
be introduced into the cost function for training. An example of the cost function is

shown as equation (11},

-

Y-
‘3' i
s

Canfne LYY 4N
IEIETR I i
LR L e

(1)

{0057} The first term in the cost function is log-likelihood cost. The other two

terms are infroduced penalty terms. lertis is for forcing the decoding neural network
to extract as much information as possible from the semantic vector C, thus the

generated target sentence keeps the same meaning with the source sentence. The third



WO 2018/023356 PCT/CN2016/092762

term 1s to restrict the extract gate from extracting too much information in the
semantic vector C at each time-stamp.

{0058] FIG. 6B illustrates how the extracted semantic tuples control the
generation of the target sentence according to an embodiment of the subject matter.
Taking the semantic tuple Appearance.color.white as an example, the GRU keeps its
feature value almost unchanged until the target word “white” is generated. Almost all
the featwre values corresponding to the extracted semantic tuples drop from 1 to §,
when the corresponding  words  are  generated, except for the tuple
Appearance.size.big_creen. To express the meaning of this tuple, the target neural
network may generate two words, “big” and “screen”. When the senience finished, all
the feature values may be 0.

[0059) FIG. 7 illostrates a source machine learning module 70 for extracting key
information of a source sentence according to an embodiment of the subject matter.
The machine learning module 70 may be implemented as or may comprise a neural
network-based model for extracting key information of a source sentence according to
an embodiment of the subject matter. The neural network-based model is shown in
FI1G. 7 and may be referred to as a source neural network 70.

[0060] The source machine learning module 70 may include a RNN 714, a
knowledge tree 720 and a classifier 730, The RNN 710 may read words represented
by x1, X2 ... xr of a source sentence and generate a sequence of hidden vectors hy,
by ... hy. A weighted sum may be performed to the hidden vectors hy, hy ... hy with
respective weights wy, wo, ..., wr, and the summed hidden vector, shown as H in FIG.
7, 1s used by the classifier to classify the nodes of the knowledge tree. The weights wy,
wo. ..., wr may be determined based on the hidden vectors hy, hy ... hy and the weight
vectors of the knowledge tree, and may be referred to as attention weights. By using
the attention mechantsm, it is helpful to align a target word to a source word, and it
would especially benefit the translation of a relative long sentence.

[0061] FIG. 7A illustrates a process for calculating the attention weights for the
hidden vectors according to an embodiment of the subject matter. Taking the node

“Category” as an example, the hidden vectors hy, hy ... hy and the weight vector W of

(93]
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the node are input info an atiention weight calculating module 740. The attention
weight calcnlating module 740 may generate respective attention weighis wy, wo, ...,
wr based on the hidden vectors hy, hy ... hy and the weight vector W, of the node. In
an embodiment, a dot produoction may be performed to each of the hidden vectors hy,
ho ... hy and the weight vector W, and the T dot production results may be input into
a softmax function to generate respective probabilities for the hidden vectors hy, hy ...
hy, which then may be normalized as the attention weights wy, wa, ..., wy of the
hidden vectors hy, hy ... hy associated to the node “Category™.

{0062} Referring back to FIG. 7, a summed hidden vector H associated to the
node “Category” may be obtained by performing a weighted sum to the hidden
vectors hy, hy ... hy with the attention weights wy, wo, ..., wr associated to the node
“Category”. In an embodiment, the summed hidden vector H associated to the node
“Category” may be used by the classifier 730 to classify child nodes of the node
“Category”, e.g. the child nodes “Computer” and “Cellphone” in the tree. Taking the
child node “Computer” as an example, the classifier 730 may classify child node
“Computer” as 1 or 0 based on the summed hidden vector H associated to the parent
node “Category” and the weight vector of the child node “Computer”.

[(063] For each parent node in the tree, the above mentioned process may be
performed so as to go through the nodes in the tree. Particularly, for cach parent node
in the knowledge base, respective atiention weights for the plurality of hidden vectors
may be generated based on the plurality of hidden vectors and the weight vector of the
parent node, a surnmed hidden vector may be generated by performing weighted sum
to the plurality of hidden vectors with the respective attention weights, and the
classifier may decide whether to choose a child node of the parent node based on the
summed hidden vector and the weight vector of the child node.

{0064} FIG. B illustrates a process {or generating a target sentence based on the
extracted key information according to an embodiment of the subject matter. The
extracted key information of a source sentence may be the explicit semantic vector or
the semantic tuples as discussed above.

[0065] In an embodiment, the semantic tuples in table 2 have been extracted by
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the source neural network 70, the nodes corresponding to the semantic tuples are
shown as underlined in the tree as shown in FIG. 8. For a time stamp t, the semantic
vector C; may be generated by performing weighted sum to the weight vectors W,
Wez ... Wey of the nodes with respective attention weights wy, wa, ..., wy. The weights
Wi, W2, ..., wy may be determined based on the previous hidden vector he.y and the
weight vectors Wer, Wey ... Wey of the nodes. By using the attention mechanism, it is
helpful to align a target word to a source word, and it would especially benefit the
translation of a relative long sentence.

{0066] As shown in FIG. 8, the weight vectors Wey, W ... Wy of the nodes and
the previons hidden vector hyy may be input into an altention weight calculating
module 810. The attention weight calculating module 810 may gencrate respective
attention weights wy, wo, ..., wy based on the weight vectors Wy, Wey ... Wen of the
nodes and the previous hidden vector hy.;. In an embodiment, a dot production may be
performed to ecach of the weight vectors Wy, W ... Wy of the nodes and the
previous hidden vector h.i, and the N dot production results may be input inlo a
soft-max function to generate respective probabiliies for the weight vectors Wy,
Wer ... Wy of the nodes, which then may be normalized as the attention weights wy,
w2, ..., wy of the weight vectors Wi, W ... Wen of the nodes.

{0067} For cach recurrent state {(c.g. the time stamp t) of the target ncural
network, respective attention weights for the nodes corresponding to the extracted
tuples may be calculated based on the previous hidden vector of the target neural
network and the weight vectors of the nodes, wherein the weight vectors of the nodes
in the tree are trained in the target neural network, the semantic vector | may be
obtained by performing weighted sum to weight vectors of the nodes with the
respective attention weights, a hidden vector by may be generated by using the target
neural network based on the semantic vector C, and a word y, of the target sentence
may be generated based on the hidden vector h,.

[0068] It should be noted that although the varicus models for machine
translation are described as being implemented based on RNNs, it should be
appreciated that the subject matter is not hmited thereto, for example, the models for
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machine translation may be implemented based on convolutional neural petworks
(CNNs). It should be appreciated that the subject matter 1s not limited to deep neural
networks, for example, other kinds of machine leaming technigues may be applicable
for implementing the subject matter in machine translation.

[0069] FIG. 9 tllustrates a process for translating a source sentence to a target
sentence according to an embodiment of the subject matter. The method may be
started from receiving a source sentence. In order lo extract key information of the
source sentence, at step 910, the source sentence is mapped to a semantic space
predefined by a knowledge base by using a first machine learning module. It should
be appreciated that, while the source senience is mapped to the semantic space, the
key information of the source sentence is extracted accordingly. At step 920, a target
sentence may be generated by using a second machine learning module based on the
extracted key information.

{0070} In an cmbodiment, the semantic space comprises a plurality of semantic
tuples, and the source sentence may be mapped to one or more tuples in the semantic
space. In an embodiment, the knowledge base may be organized in a tree structure, a
path consisting of at least one node of the tree structure defines a semantic tuple in the
seiantic space.

{0071} In an embodiment, a plurality of hidden vectors may be obtained based
on the source sentence by using a recurrent neural network (RNN) in the first machine
fearning module, and the one or more semantic tuples may be extracted by using a
neural network-based classifier in the first machine learning module based on at least
one hidden vector of the plurality of hidden vectors and the knowledge base.

[0072] In an embodiment, the target sentence may be generated by using the
second machine learning module based on a semantic vector corresponding to the one
or more semantic tuples.

{0073} In an embodiment, one or more nodes representing the one or more
semantic tuples may be chosen from the knowledge base by using the neural
network-based classifier based on the {inal hidden vector of the plarality of hidden
vectors and respective weight vectors of nodes in the knowledge base.
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[(074] In an embodiment, the semantic vector indicates presence of the chosen
one or more nodes and von-presence of the other nodes, among the nodes in the
knowledge base.

{0075} In an embodiment, for each parent node in the knowledge base,
respective weights may be generated for the plurality of hidden vectors based on the
plurality of hidden vectors and a weight vector of the parent node, a summed hidden
vector may be obtained by performing weighted sum to the plurality of hidden vectors
with the respective weights; and a child node of the parent node may be classified as
being chosen or not by using the neural network-based classifier based on the
weighted hidden vector and the weight vector of the child node.

[0076] In an embodiment, for cach recurrent state of a RNN in the second
machine learning module, respective weights may be generated {or the chosen one or
more nodes based on a previous hidden vector of the RNN and one or more weight
vectors of the chosen one or more nodes, the semantic vector may be obtained by
performing weighted sum to one or more weight vectors of the chosen one or more
nodes with the respective weights, a hidden vector may be obtained by using the RNN
based on the semantic vector, and a word of the target sentence may be produced
based on the hidden vector.

{0077} In an embodiment, the first machine learning module may be trained by
using a first data corpus in the first language and the knowledge base, for example,
may be trained by using data pairs of the first language data and explicit semantic
vectors which represents explicit semantic tuples predefined in the knowledge base,
the second machine learning module may be trained by using a second data corpus in
the second language and the knowledge base, for example, may be trained by using
data pairs of explicit semantic vectors which represents the explicit semantic tuples
predefined in the knowledge base and the second language data.

[0078] FIG. 10 illustrates a block diagram of an apparatus 100 for machine
translation according to an embodiment of the subject matter. The apparatus 100 may
include a source machine learning module 1010 and a target machine learning module
1020. The apparatus 100 may be an embodirnent of the translation module 210 of FIG.
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[0079] The source machine learoing wodule 1010 may be configured to roap a
source sentence in a first language to a semantic space predefined by a knowledge
base, to extract key information of the source sentence, wherein the extracted key
information may be predefined in the knowledge base. The target machine learning
module 1020 may be configured to generate a target sentence in a second language
based on the extracted key information.

[0080] It should be appreciated that the source machine learning module 1010
and the target machine learning module 1020 may perform the respective operations
or {unctions as described above with reference to FIGs. 1 to 9 1o various embodiments
of the subject matter.

[0081] The source machine learning module 1010 and the target machine
learning module 1020 may be implemented in various forms of hardware, software or
combinations thereof. In an embodiment, the modules may be implemented separately
or as a whole by one or more hardware logic components. For example, and without
bimitation, illustrative types of hardware logic componenis that can be used include
Field-programmable Gate Arrays (FPGAs), Application-specific Integrated Circuits
{ASICs), Application-specific Standard Products (ASSPs), System-on-a-chip systems
(SOCs), Complex Programmable Logic Devices (CPLDs), etc. In  another
embodiment, the modules may be implemented by one or more software modules,
which may be executed by a general central processing unit (CPU), a graphic
processing unit (GPU), a Digital Signal Processor (DSP), efc.

(0082} FIG. 11 illustrates a block diagram of a computer system 200 for
machine translation according to an embodiment of the subject matter. According to
one embodiment, the computer systemn 200 may include one or more processors 2010
that execute one or more computer readable instructions (i.e. the elements described
above which are implemenied 1o the form of the software) stored or encoded in
computer readable storage medium (i.e. memory)} 2020. The computer system 200
may wnclude an output device 2030 such as display and an input device 440 such as a

keyboard, mouse, touch screen, etc. The computer system 200 may include a
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communication interface 2050 {or communicating with other devices such as the
termninals 100 and 300 as shown 1o FIG. 1.

{0083] In an cmbodiment, the computer-executable instructions stored in the
memory 2020, when executed, may cause the one or more processors 2010 to: map a
source sentence in a first language to a semantic space predefined by a knowledge
base by using a first machine learning module, to extract key information of the
source sentence, wherein the extracted key information is predefined in the
knowledge base, and gencrate a target sentence in a sccond language by using a
second machine learning module based on the extracted key information.

{0084} It should be appreciated that the computer-executable instructions stored
in the memory 2020, when cxecuted, may cause the one or more processors 2010 to
perform the respective operations or functions as described above with reference to
FIGs. 1 to 9 in various embodiments of the subject matter.

[0085] According to an embodiment, a program product such as a
machine-readable medium is provided. The machine-readable medivm may have
nstructions (i.e. the elements described above which are implemented in the form of
the software) thercon which, when executed by a machine, cause the machine to
perform the operations or {unctions as described above with reference to FIGs. 1 to 9
in various embodiments of the subject matter.

{0086] It should be noted that the above-mentioned solutions illustrate rather
than limit the subject matter and that those skilled in the art would be able to design
alternative solutions without departing from the scope of the appended claims. In the
claims, any reference signs placed between parentheses shall not be construed as
hriting the claim. The word “comprising” does not exclude the presence of elements
or steps not listed in a claim or in the description. The word “a” or “an” preceding an
element does not exclude the presence of a plurality of such elements. In the system
claims enumerating several units, several of these units can be erbodied by one and
the same item of software and/or hardware. The usage of the words first, second and
third, et cetera, does not indicate any ordering. These words are to be interpreted as

names.
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CLAIMS

1. Awmachine translation method, comprising:

mapping a source sentence in a first language to a semantic space predefined by
a knowledge base by using a first machine learning module, to extract key
information of the source sentence; and

generating a target sentence in a second langunage by using a second machine

learning module based on the extracted key information.

2. The method of claim 1, wherein the semantic space comprises a plurality of
semantic tuples, and wherein the mapping the source sentence in the first language to
the semantic space comprises mapping the source sentence to onc or more tuples in

the semantic space.

3. The method of claim 2, wherein the knowledge base is organized in a tree
structure, a path consisting of at least one node of the tree structure defines a semantic

tuple in the semantic space.

4. The method of claim 3, wherein the mapping the source sentence in the first
language (o the semantic space comprises:

generating a plurality of hidden vectors based on the source sentence by using a
first recurrent peural network (RNN) in the first machine learning module; and

extracting the one or more semantic tuples by using a neural network-based
classifier in the first machine learning moduie based on at least one hidden vector of

the plurality of hidden vectors and the knowledge base.
5. 'The method of claim 2 or 4, wherein the generating the target senience
COMPrises:

generating the target sentence by using the second machine learning module
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based on a semantic vector corresponding to the one or more semantic tuples.

6. 'The method of claim 5, wherein the extracting the one or more semantic
tuples comprises: choosing one or more nodes representing the one or more semantic
tuples from the knowledge base by using the necural network-based classifier based on
the final hidden vector of the plurality of hidden vectors and respective weight vectors

of nodes in the knowledge base.

7. The method of claim 6, wherein the semantic vector indicates presence of the
chosen one or more nodes and non-presence of the other nodes, among the nodes in

the knowledge base.

8. The method of claim 5, wherein the mapping the source sentence in the first
language to the semantic space comprises:

for each parent node in the knowledge base,

generating respective weights for the plurality of hidden vectors based on the
plurality of hidden vectors and a weight vector of the parent node;

generating a summed hidden vector by performing weighted sum to the
plurality of hidden vectors with the respective weights; and

deciding whether to choose a child node of the parent node by using the
neural network-based classifier based on the sommed hidden vector and the

weight vector of the child node.

9. The method of claim 8, wherein the generating the farget senfence comprises:
for each recurrent state of a second RNN in the second machine learning module,
generating respective weights for the chosen one or more nodes based on a
previous hidden vector of the second RNN and one or more weight vectors of the
chosen one or more nodes;
generating the semantic vector by performing weighted sum to one or more
weight vectors of the chosen one or more nodes with the respective weights;
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generating a hidden vector by vsing the second RNN based on the semantic
yvector; and

generating a word of the target sentence based on the hidden vector.

10. The method of one of claim 1, wherein the first machine learning module is
trained by using a first data corpus in the {irst language and the knowledge base, the
second machine learning module is trained by using a second data corpus in the

second language and the knowledge base.

I'1. A machine trasslation apparatus, comprising:

a first machine learning module configured to map a source sentence in a first
langnage to a semantic space predefined by a knowledge base, to extract key
information of the source senience: and

a second machine learning module configured to generate a target sentence in a

second language based on the extracted key information.

12. The apparatus of claim 11, wherein the semantic space comprises a plurality
of semantic tuples, and wherein the first machine learning module is configured to

map the source sentence to one or more tuples in the semantic space.

13. The apparatus of claim 12, wherein the knowledge base is organized in a tree
structure, a path consisting of at least one node of the tree structure defines a semantic

tuple in the semantic space.

14. The apparatus of claim 13, wherein the first machine learning module is
further configured to:

generate a plurality of hidden vectors based on the source senience by using a
first recurrent neural network (RNN); and

extract the one or more semantic tuples by using a neural network-based
classifier based on at least one hidden vector of the plurality of hidden vectors and the

22



WO 2018/023356 PCT/CN2016/092762

knowledge base.

15. The apparatus of claim 12 or 14, wherein the second machine learning
module 1s further configured to:
generate the target sentence based on a semantic vector corresponding to the one

or more semantic tuples.

16. The apparatus of claim 15, wherein the first machine learning module is
further configured to: choose one or more nodes representing the one or more
semantic tuples from the knowledge base by using the neural network-based classifier
based on the final hidden vector of the plurality of hidden vectors and respective

weight vectors of nodes in the knowledge base.

17. The apparatus of claim 16, wherein the semantic vector indicates presence of
the chosen one or more nodes and noun-presence of the other nodes, among the nodes

in the knowledge base.

18. The apparatus of claim 15, wherein the {irst machine learning module is
further configured to:

for each parent node in the knowledge base,

generate respective weights for the plurality of hidden vectors based on the
plurality of hidden vectors and a weight vector of the parent node;

generate a sumimed hidden vector by performing weighted sum to the
plurality of hidden vectors with the respective weights; and

deciding whether to choose a child node of the parent node by using the
neural network-based classifier based on the sommed hidden vector and the

weight vector of the child node.

19. The apparatus of claim 18, wherein the second machine learning module is

further configured to:
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for each recurrent state of a second RNN,

generating respective weights for the chosen one or more nodes based on a
previous hidden vector of the second RNN and one or more weight vectors of the
chosen one or more nodes;

generating the semantic vector by performing weighted sum to one or more
weight vectors of the chosen one or more nodes with the respective weights;

generating a hidden vector by vsing the second RNN based on the semantic
vector; and

generating a word of the target sentence based on the hidden vector.

20. A computer systemm, comprising:
one of more processors; and
a memory storing computer-executable instructions that, when executed, cause
the one or more processors to:

map a source sentence in a {irst langnage to a semantic space predefined by
a knowledge base by using a first machine learning module, to extract key
information of the source sentence; and

generate a target sentence in a second language by using a second machine

learning module based on the extracted key information.
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