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200

Use a predicate learning model to take a question as the input
and return a vector that lies in the KG predicate embedding + 205
space as the predicted predicate representation

\ J

Use a head entity learning model to predict a vector that lies in
the KG entity embedding space as the predicted head entity |~ 210
representation
Y
Use a Head Entity Detection model to reduce the candidate
215

head entities by identifying one or more tokens in the question
as the predicted head entity name

y

Given the relation function defined by the KG embedding

algorithm, compute predicted tail entity representation based on | ~ 220

the defined function from the predicate representation and
head entity presentation

Based on a joint distance metric, select a fact in KG with 225
minimum distance to the predicted fact as the question's answer

FIG. 2
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Given a question with length L, map L tokens into a sequence of | 495
word embedding vectors

Y

Employ a bidirectional LSTM to learn a forward hidden state | - 41p
sequence and a backward hidden state sequence

\ J

Concatenate the forward and backward hidden state vectors | ~ 415
and obtain a concatenated hidden state vector

'

Apply an attention weight to the concatenated hidden state | - 420
vector to obtain a weighted hidden state vector

'

Concatenate the weighted hidden state vector with theword |~ 425
embedding to obtain a hidden state (s;)

Apply a fully connected layer to the hidden state (s;), and denote | - 430
the result (r) as the target vector of the ji token

Compute the mean of all tokens’ target vectors as the predicted | - 435
predicate representation

FIG. 4
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600

Given a question with length L, map L tokens into a sequence of | - 605
word embedding vectors

Employ a bidirectional LSTM to learn a forward hidden state | ~ 610
sequence and a backward hidden state sequence

Concatenate the forward and backward hidden state vectors | ~ 615
and obtain a concatenated hidden state vector

Y
Apply a fully connected layer and a Softmax function to the
concatenated hidden state vector to obtain a target vector (v)
for the jih token, each target vector has two probability values
corresponding to probabilities that the token belongs to entity
name token and non-entity name token

620

Select one or more tokens as the head entity name basedon | ~ 625
probability value of each token belonging to entity name token

FIG. 6
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input one or more head entites identified by the HED mode!
into the KG (for head entity name comprising muttiple tokens, |-~ 710
a single combined entity vector may be formed)

Return results comprising entity |~ 720

code of the matched string and
sets of synonyms

Direct string match?

Return results comprising entity 730
code of the string with partial |~
match

Partial string match?

When no string matches are found, employ embedding | - 735
similarities to identity synonyms

il

Establish a candidate fact set from the KG, each candidate
fact’s head entity being a synonym to one of the one or more 740
head entities identified as HEDeny
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KNOWLEDGE-GRAPH-EMBEDDING-BASED
QUESTION ANSWERING

BACKGROUND

A. Technical Field

[0001] The present disclosure relates generally to systems
and methods for question answering. More particularly, the
present disclosure relates to systems and methods for ques-
tion answering over knowledge graph.

B. Background

[0002] Question answering over knowledge graph (QA-
KG) aims to use facts in a knowledge graph (KG) to answer
natural language questions. It helps end users more effi-
ciently and more easily access the substantial and valuable
knowledge in the KG, without knowing its data structures.
QA-KG is a nontrivial problem since capturing the semantic
meaning of natural language is difficult for a machine. Many
knowledge graph embedding methods have been proposed.
One key idea is to represent each predicate/entity as a
low-dimensional vector, such that the relation information in
the KG could be preserved. However, this remains a chal-
lenging task since a predicate could be expressed in different
ways in natural language questions. Furthermore, the ambi-
guity of entity names and partial names makes the number
of possible answers large.

[0003] Accordingly, what is needed are systems and meth-
ods that can be used to make question answering over
knowledge graph more effective and more robust.

BRIEF DESCRIPTION OF THE DRAWINGS

[0004] References will be made to embodiments of the
invention, examples of which may be illustrated in the
accompanying figures. These figures are intended to be
illustrative, not limiting. Although the invention is generally
described in the context of these embodiments, it should be
understood that it is not intended to limit the scope of the
invention to these particular embodiments. Items in the
figures are not to scale.

[0005] FIG. (“FIG.”) 1 graphically depicts a knowledge
embedding based question answering (KEQA) framework,
according to embodiments of the present disclosure.
[0006] FIG. 2 depicts a method for question answering
with a KEQA framework, according to embodiments of the
present disclosure.

[0007] FIG. 3 graphically depicts architecture of predicate
and head entity learning models, according to embodiments
of the present disclosure.

[0008] FIG. 4 depicts a method for predicting predicate of
an input question using a predicate and head entity learning
model, according to embodiments of the present disclosure.
[0009] FIG. 5 depicts a structure of a Head Entity Detec-
tion (HED) model, according to embodiments of the present
disclosure.

[0010] FIG. 6 depicts a method for identifying one or more
head entities of an input question using a HED model,
according to embodiments of the present disclosure.
[0011] FIG. 7 depicts a method for searching head entity
synonyms in a KG using head entity names identified by a
HED model, according to embodiments of the present
disclosure.
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[0012] FIG. 8 depicts a simplified block diagram of a
computing device/information handling system, in accor-
dance with embodiments of the present document.

DETAILED DESCRIPTION OF EMBODIMENTS

[0013] In the following description, for purposes of expla-
nation, specific details are set forth in order to provide an
understanding of the present disclosure. It will be apparent,
however, to one skilled in the art that embodiments may be
practiced without these details. Furthermore, one skilled in
the art will recognize that embodiments of the present
disclosure, described below, may be implemented in a
variety of ways, such as a process, an apparatus, a system,
a device, or a method on a tangible computer-readable
medium.

[0014] Components, or modules, shown in diagrams are
illustrative of exemplary embodiments of the invention and
are meant to avoid obscuring the present disclosure. It shall
also be understood that throughout this discussion that
components may be described as separate functional units,
which may comprise sub-units, but those skilled in the art
will recognize that various components, or portions thereof,
may be divided into separate components or may be inte-
grated together, including integrated within a single system
or component. It should be noted that functions or operations
discussed herein may be implemented as components. Com-
ponents may be implemented in software, hardware, or a
combination thereof.

[0015] Furthermore, connections between components or
systems within the figures are not intended to be limited to
direct connections. Rather, data between these components
may be modified, re-formatted, or otherwise changed by
intermediary components. Also, additional or fewer connec-
tions may be used. It shall also be noted that the terms
“coupled,” “connected,” or “communicatively coupled”
shall be understood to include direct connections, indirect
connections through one or more intermediary devices, and
wireless connections.

[0016] Reference in the specification to “one embodi-
ment,” “preferred embodiment,” “an embodiment,” or
“embodiments” means that a particular feature, structure,
characteristic, or function described in connection with the
embodiment is included in at least one embodiment of the
invention and may be in more than one embodiment. Also,
the appearances of the above-noted phrases in various places
in the specification are not necessarily all referring to the
same embodiment or embodiments.

[0017] The use of certain terms in various places in the
specification is for illustration and should not be construed
as limiting. A service, function, or resource is not limited to
a single service, function, or resource; usage of these terms
may refer to a grouping of related services, functions, or
resources, which may be distributed or aggregated. An
image may be a still image or from a video.

[0018] The terms “include,” “including,” “comprise,” and
“comprising” shall be understood to be open terms and any
lists the follow are examples and not meant to be limited to
the listed items. Any headings used herein are for organi-
zational purposes only and shall not be used to limit the
scope of the description or the claims. Each reference
mentioned in this patent document is incorporated by ref-
erence herein in its entirety.

[0019] Furthermore, one skilled in the art shall recognize
that: (1) certain steps may optionally be performed; (2) steps

2 <
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may not be limited to the specific order set forth herein; (3)
certain steps may be performed in different orders; and (4)
certain steps may be done concurrently.

A. Introduction

[0020] With the rise of large-scale knowledge graphs such
as Wikidata, Freebase, Dbpedia, and YAGO, question
answering (QA) over knowledge graph has become a crucial
topic and attracts massive attention. A knowledge graph
(KG) typically is a directed graph with real-world entities as
nodes and their relations as edges. In this graph, each
directed edge, along with its head entity and tail entity,
constitute a triple, i.e., (head entity, predicate, tail entity),
which is also named as a fact. Real-world knowledge graphs
may contain millions or billions of facts. Their large volume
and complex data structures make it difficult for regular
users to access the substantial and valuable knowledge in
them. To bridge the gap, Question Answering over Knowl-
edge Graph (QA-KG) is proposed. It targets trying to
automatically translate the end users’ natural language ques-
tions into structured queries such as SPARQL, and returning
entities and/or predicates in the KG as answers. For
example, given the question “Which Olympics was in Aus-
tralia?”, QA-KG aims to identify its corresponding two
facts, i.e., (Australia, olympics_participated_in, 1952/2004
Summer Olympics).

[0021] Question answering over knowledge graph pro-
vides a way for artificial intelligence systems to incorporate
knowledge graphs as a key ingredient to answer human
questions, with applications ranging from search engine
design to conversational agent building. However, the QA-
KG problem is far from solved since it involves multiple
challenging subproblems such as semantic analysis and
entity linking.

[0022] The effectiveness of knowledge graph embedding
in different real-world applications motivates exploring its
potential usage in solving the QA-KG problem in this patent
document. Knowledge graph embedding targets learning a
low-dimensional vector representation for each predicate/
entity in a KG, such that the original relations are well
preserved in the vectors. These learned vector representa-
tions may be employed to complete a variety of downstream
applications efficiently. Examples include KG completion,
recommender systems, and relation extraction. In this patent
document, embodiments of the knowledge graph embedding
are presented to perform QA-KG. The KG embedding
representations may advance the QA-KG in several ways.
They not only are within a low-dimensional space, but also
could promote the downstream applications to take the
entire KG into consideration, because even a single predi-
cate/entity representation is a result of interactions with the
whole KG. In addition, similar predicates/entities tend to
have similar vectors. This property may be used to help the
downstream algorithms handle predicates or entities that are
not in the training data.

[0023] However, it remains a nontrivial task to conduct
QA-KG based on the knowledge graph embedding. There
are three major challenges. First, a predicate often has
various expressions in natural language questions. These
expressions could be quite different from the predicate
names. For instance, the predicate person.nationality can be

expressed as “what is . . . ’s nationality”, “which country is
» <

... from”, “where is . . . from”, etc. Second, even assuming
that the entity names could be accurately identified, the
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ambiguity of entity names and partial names would still
make it difficult to find the correct entity, since the number
of candidates is often large. As the size of KG keeps
increasing, many entities would share the same names. Also,
end users could use partial names in their utterances. For
example, in the question “How old is Obama?”, only part of
the entity name Barack Obama is indicated. Third, the
domains of end users’ questions are often unbounded, and
any KG is far from complete. New questions might involve
predicates that are different from the ones in the training.
This makes demands on the robustness of the QA-KG
algorithms.

[0024] To bridge the gap, this patent document discloses
how to take advantage of the knowledge graph embedding
to perform question answering. In the present disclosure, a
focus is on the most common type of questions in QA-KG,
i.e., simple questions. A simple question is a natural lan-
guage question that only involves a single head entity and a
single predicate. Through analyzing the problem, three
research questions are answered: (i) How to apply the
predicate embedding representations to bridge the gap
between the natural language expressions and the KG’s
predicates?; (ii) How to leverage the entity embedding
representations to tackle the ambiguity challenge?; and (iii)
How to take advantage of the global relations preserved in
the KG embedding representations to advance the QA-KG
framework? Following these questions, the present docu-
ment discloses embodiments of a framework named Knowl-
edge Embedding based Question Answering (KEQA). In
summary, some key contributions of the present document
are as follows:

[0025] Formally define the knowledge graph embed-
ding based question answering problem.

[0026] Disclosure of embodiments of an effective
framework KEQA that answer a natural language ques-
tion by jointly recovering its head entity, predicate, and
tail entity representations in the knowledge graph
embedding spaces.

[0027] Design a joint distance metric that takes the
structures and relations preserved in the knowledge
graph embedding representations into consideration.

[0028] Empirically demonstrate the effectiveness and
robustness of KEQA embodiments on a large bench-
mark, i.e., SimpleQuestions.

B. Some Related Work

[0029] Some related works in various aspects are summa-
rized in this Section.

[0030] Embedding-based question answering over KG
attracts lots of attention recently. It is related to, but different
from, the presented KG embedding based question answer-
ing problem. The former relies on low-dimensional repre-
sentations that are learned during the training of the QA-KG
methods. The latter performs KG embedding to learn the
low-dimensional representations first, and then conducts the
QA-KG task. Yih et al. (Semantic Parsing via Staged Query
Graph Generation: Question Answering with Knowledge
Base. In ACL-IJCNLP) and Bao et al. (Constraint-Based
Question Answering with Knowledge Graph. In COLING.
2503-2514) reformulated the question answering problem as
the generation of particular subgraphs. A series of work
proposed to project questions and candidate answers (or
entire facts) into a unified low-dimensional space based on
the training questions, and measure their matching scores by
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the similarities between their low-dimensional representa-
tions. Some achieved this projection by learning low-dimen-
sional representations for all words, predicates, and entities,
based on the training questions and paraphrases of ques-
tions. Some achieved this projection by using the logical
properties of questions and potential facts, such as semantic
embedding and entity types. Several deep learning based
models achieved this projection by feeding words in ques-
tions into convolutional neural networks, LSTM networks,
or gated recurrent units neural networks. Das et al. (Question
Answering on Knowledge Bases and Text using Universal
Schema and Memory Networks. In ACL, 2017) achieved
this projection by using matrix factorization to incorporate
the corpus into the KG, and LSTM to embed a question.
Most of these models rely on the margin-based ranking
objective functions to learn the model weights. Several
works explored leveraging the character-level neural net-
works to advance the performance. Most recently, Moham-
med et al. (Strong Baselines for Simple Question Answering
over Knowledge Graphs with and without Neural Networks,
NAACL-HLT. 291-296) and Ture et al. (No Need to Pay
Attention: Simple Recurrent Neural Networks Work,
EMNLP. 2866-2872) considered each predicate as a label
category, and performed predicate linking via deep classi-
fication models.

[0031] Knowledge graph embedding targets at represent-
ing the high-dimensional KG as latent predicate and entity
representations P and E. Bordes et al. (Learning Structured
Embeddings of Knowledge Bases. 2011 AAAI) achieved
this goal by constructing two transform matrices M,,,,, and
M,,; for each type of predicate ¢, and minimizing the
distance between projections M,,,, £, and M, e, for all facts
(h,£t) with ¢ as predicate. Bordes et al. (Translating
Embeddings for Modeling Multi-relational Data. 2013
NIPS. 2787-2795) designed a translation-based model
TransE. It trains two matrices P and E, aiming to minimize
the overall distance Zlje,+ Ps —e/l,> for all facts (b, ,1).
Motivated by TransE, a series of translation-based models
have been explored. Wang et al. (Knowledge Graph Embed-
ding by Translating on Hyperplanes. 2014 AAAI) proposed
TransH to handle one-to-many or many-to-one relations.
Instead of measuring the distance between e, and e, directly,
TransH projects them into a predicate-specific hyperplane.
Lin et al. (Learning Entity and Relation Embeddings for
Knowledge Graph Completion. 2015 AAAI 2181-2187)
proposed TransR, which defines a transform matrix M, for
each predicate £ and targets at minimizing X|je, My + Pz —e,
M, |,>. Lin et al. (Modeling Relation Paths for Represen-
tation Learning of Knowledge Bases, 2015 EMNLP. 705-
814) proposed PTransE, which advances TransE via taking
multi-hop relations into consideration.

[0032] Efforts have also been devoted to incorporating the
semantic information in a corpus into KG embedding. Some
demonstrated that using pre-trained word embedding to
initialize KG embedding methods would enhance the per-
formance. Several work explored trying to advance TransE,
either via taking relation mentions in corpus into consider-
ation, or via projecting predicate/entity representations into
a semantic hyperplane learned from the topic model.
Attempts have also been made to apply TransE and
word2vec to model a KG and a corpus respectively, and then
fuse them based on anchors in Wikipedia, entity descrip-
tions, or contextual words of predicates/entities learned from
the corpus. Zhang et al. (Joint Semantic Relevance Learning
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with Text Data and Graph Knowledge. In Workshop on
Continuous Vector Space Models and their Compositional-
ity. 32-40) jointly embedded the KG and corpus via negative
sampling (Distributed Representations of Words and Phrases
and Their Compositionality, 2013 NIPS. 3111-3119). Xie et
al. (Representation Learning of Knowledge Graphs with
Entity Descriptions. 2016 AAAI 2659-2665) and Fan et al.
(Distributed Representation Learning for Knowledge
Graphs with Entity Descriptions, Pattern Recognition Let-
ters 93 (2017), 31-37) explored the semantic information in
entity descriptions to advance KG embedding.

C. Problem Statement

[0033]

[0034] In this patent document, an uppercase bold letter is
used to denote a matrix (e.g., W) and a lower case bold letter
to represent a vector (e.g., p). The i” row of a matrix P is
denoted as p,. The transpose of a vector is denoted as p”. The
£2 norm of a vector is denoted as |jp|l,. {p,} is used to
represent a sequence of vectors p,. The operation s=[x; h]
denotes concatenating column vectors x and h into a new
vector s.

[0035] Definition 1 (Simple Question) If a natural lan-
guage question only involves a single head entity and a
single predicate in the knowledge graph, and takes their tail
entity/entities as the answer, then this question is referred as
a simple question.

[0036] Some symbols in this patent document are sum-
marize in Table 1. (h,? ,t) is used to represent a fact, which
means that there exists a relation £ from a head entity h to
a tail entity t. Let § be a knowledge graph that consists of
a large number of facts. The total numbers of predicates and
entities are represented as M and N. The names of these
predicates and entities are given. In one or more embodi-
ments, a scalable KG embedding algorithm, such as TransE
and TransR, is applied to §, and the embedding represen-
tations of its predicates and entities denoted as P and E,
respectively, are obtained. Thus, the vector representations
of the i” predicate and j* entity are denoted as p, and €
respectively. The relation function defined by the KG
embedding algorithm is f(*), i.e., given a fact (h,?.,t), one
may have e~f(e,,P¢). Letting Q be a set of simple ques-
tions. For each question in Q, the corresponding head entity
and predicate are given.

Notations:

TABLE 1

Some symbols and their definition;

Notations Definitions

g a knowledge graph

(h,?,t) a fact, i.e., (head entity, predicate, tail entity)

Q a set of simple questions with ground truth facts
M total number of predicates in §

N total number of entities in §

d dimension of the embedding representations

P et M embedding representations of all predicates in§
E €4 Mxd embedding representations of all entities in§

£(®) relation function, given (h,? , t), = e, = f(e;, P¢)

Bect x4 predicted predicate representation

&, € x4 predicted head entity representation

HED Head Entity Detection model

HED.,. s, head entity name tokens returned by the HED
HED,,,, non entity name tokens returned by the HED
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[0037] The terminology simple question is defined in
Definition 1. A simple question may be answered by the
machine straightforwardly if its single head entity and single
predicate are identified. Given the conditions described
above, the knowledge graph embedding based question
answering problem is now formally defined as follows:

[0038] Given a knowledge graph § associated with all its
predicates” and entities’ names and embedding representa-
tions P & E, the relation function f(*), as well as a set of
simple questions Q associated with corresponding head
entities and predicates, embodiments of an end-to-end
framework are disclosed to take a new simple question as
input and automatically return the corresponding head entity
and predicate. Performance of the framework is evaluated by
the accuracy of predicting both head entity and predicate
correctly.

D. Embodiments of Knowledge Embedding Based
OA-KG

[0039] Simple questions constitute the majority of ques-
tions in the QA-KG problem. Each of them may be
answered by the tail entity/entities if the correct head entity
and predicate are identified. To accurately predict the head
entity and predicate, this patent document discloses embodi-
ments of a Knowledge Embedding based Question Answer-
ing (KEQA) framework, which is illustrated in FIG. 1. The
KG § 160 is already embedded into two low-dimensional
spaces (Predicate Embedding Space 140 and Entity Embed-
ding Space 150), and each fact (h, ,t) may be represented
as three latent vectors, ie., (e,, P¢, e). Thus, given a
question 110, as long as its corresponding fact’s e, and
P: may be predicted, this question may be answered 170
correctly. Instead of inferring the head entity and predicate
directly, KEQA embodiments target jointly recovering the
question’s head entity, predicate, and tail entity representa-
tions (&,,, P, &,) in the knowledge graph embedding spaces.

[0040] FIG. 2 depicts a method for question answering
with a KEQA framework, according to embodiments of the
present disclosure. In one or more embodiments, KEQA
achieves an answer via the following steps. (i) Based on the
questions in Q and their predicates’ embedding representa-
tions, KEQA trains (205) a predicate learning model 120 that
takes a question 110 as the input and returns a vector P that
lies in the KG predicate embedding space 140 as the
predicted predicate representation. Similarly, a head entity
learning model 130 is constructed to predict (210) the
question’s head entity representation &, in the KG entity
embedding space 150. (ii) Since the number of entities in a
KG is often large, KEQA employs a Head Entity Detection
model to reduce (215) the candidate head entities. A main
goal is to identify one or more tokens in the question as the
predicted head entity name, then the search space in § is
reduced from the entire entities to a number of entities with
the same or similar names. Then, &, is mainly used to tackle
the ambiguity challenge. (iii) Given the relation function ()
defined by the KG embedding algorithm, the KEQA
embodiment computes (220) the predicted tail entity repre-
sentation &,=f(&,, Pr ). The predicted predicate representation
P:, the predicted head entity representation ¢&,, and the
predicted tail entity representation &, form predicted fact (&,
P: ¢&,). Based on a carefully-designed joint distance metric,
the predicted fact (&,, P, , €,)’s closest fact in G is selected
(225) and returned as the question’s answer 170.
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1. Embodiments of Knowledge Graph Embedding

[0041] In one or more embodiments, the disclosed frame-
work KEQA employs the embedding representations of all
predicates P and entities E as the infrastructure. In one or
more embodiments, an existing KG embedding algorithm
may be utilized to learn P and E. Examples of existing KG
embedding methods that may be used include, but are not
limited to, TransE, TransR, TransH, etc.

[0042] Knowledge graph embedding aims to represent
each predicate/entity in a KG as a low-dimensional vector,
such that the original structures and relations in the KG are
preserved in these learned vectors. A core idea of most of the
existing KG embedding methods could be summarized as
follows. For each fact (h, €, t) in G, its embedding repre-
sentations is denoted as (e,, Ps, e,). The embedding algo-
rithm initializes the values of e;,, P¢, and e, randomly or
based on the trained word embedding models. Then, a
function f(-) that measures the relation of a fact (h, £, t) in
the embedding spaces is defined, i.e., e~f(e;, P¢). For
example, TransE defines the relation as eq~e,+Pys and
TransR defines it as e,Mp~e, My +Pyg, where M; is a
transform matrix of predicate €. Finally, the embedding
algorithm minimizes the overall distance between e, and
f(e,, Pe), for all the facts in §. A typical way is to define
a margin-based ranking criterion and train on both positive
and negative samples, i.e., facts and synthetic facts that do
not exist in G .

[0043] As shown in FIG. 1, the surface is defined where
the learned predicate representations {p,} fori=1, ..., M lie
in, as the predicate embedding space. The surface where
{e,} fori=1, ..., Nlie in is denoted as the entity embedding
space.

2. Embodiments of Predicate and Head Entity
Learning Models

[0044] Given a simple question, the objective is to find a
point in the predicate embedding space as its predicate
representation P, , and a point in the entity embedding space
as its head entity representations &,

[0045] In one or more embodiments, for all the questions
that can be answered by §, their predicates’ vector repre-
sentations should lie in the predicate embedding space.
Thus, an aim is to design a model that takes a question as the
input and returns a vector P, that is as close as possible to
this question’s predicate embedding representation P¢ . To
achieve this goal, a neural network architecture embodi-
ment, as shown in FIG. 3, is employed. In one or more
embodiments, the architecture mainly comprises a bidirec-
tional recurrent neural network layer 310 and an attention
layer 325. In one or more embodiments, the bidirectional
recurrent neural network layer 310 is a bidirectional long
short-term memory (LSTM). A core idea is to take the order
and the importance of words into consideration. Words with
different orders could have different meanings, and the
importance of words could be different. For example, the
entity name related words in a question often have less
contribution to the predicate learning model.

[0046] Neural Network Based Predicate Representation
Learning.
[0047] To Predict the Predicate of a question, a traditional

solution is to learn the mapping based on the semantic
parsing and manually-created lexicons, or simply consider
each type of predicate as a label category to transform it into
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a classification problem. However, since the domains of end
users’ questions are often unbounded, a new question’s
predicate might be different from all the ones in the training
data. The traditional solutions could not handle this scenario.
In addition, it is observed that the global relation information
preserved in P and E is available and could be potentially
used to improve the overall question answering accuracy. To
bridge the gap, embodiments of a predicate learning model
based on neural networks are set forth herein.

[0048] With the long short-term memory (LSTM) as a
typical example of the recurrent neural network, FIG. 3
illustrates the architecture of predicate and head entity
learning models, according to one or more embodiments of
the present disclosure. FIG. 4 depicts a method for predict-
ing a predicate of an input question using a predicate and
head entity learning model, according to embodiments of the
present disclosure. Given a question with length L, its L
tokens are first mapped (405) into a sequence of word
embedding vectors {x,} 305, for j=1, . . ., L, based on a
pre-trained model, such as GloVe (Pennington, et al., GloVe:
Global Vectors for Word Representation, In EMNLP. 1532-
1543), although other embedding techniques may be
employed. Then, a bidirectional LSTM 310 is employed

(410) to learn a forward hidden state sequence (IZ, I;, .

—> — —
, hy) and a backward hidden state sequence (h,, h;, .. .,

by ). Taking the backward one as an example, {ilj} are
computed via the following equations.

JroW, i+ thilj +1+b) (D

=W X+ Wy i‘j +1+b)) 2)

o0=0(W, x+W,, i‘j +1+b,) 3)

€T 0C; 1+ tanh(I/VXij+thilj 1+b,) 4

ilJ' =0,0 tanh(c)) ®
[0049] where f, i, and o, are the forget, input, and output

gates’ activation vectors respectively. c; is the cell state
vector. 0 and tanh are the sigmoid and Hyperbolic tangent
functions. o denotes the Hadamard product. Concatenating
(415) the forward and backward hidden state vectors, one

may obtain concatenated hidden state vector hj:[Hj; i1]']
315.

[0050] In one or more embodiments, the attention weight
320 of the j* token, i.e., o, is calculated based on the
following formulas:

__explg)) (6)
Tz explg))
q; = tanh(w" [xj; h;]+ by) €]

[0051] where b, is a bias term. The attention weight o
may be applied (420) to h, to obtain a weighted hidden state
vector, which is then concatenated (425) with the word
embedding x, resulting a hidden state s =[x; ah] 325. A
fully connected layer is then applied (430) to s, and its

result, rER !, is denoted as the target vector 330 of the j”
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token. The predicted predicate representation P, 335 may
be computed (435) as the mean of all tokens” target vectors,
that is:

1 ®

-

s L
Pe= zzjzlrj

[0052] In one or more embodiments, all the weight matri-
ces, weight vector w, and bias terms are calculated based on
the training data, i.e., questions Q in and their predicates’
embedding representations.

[0053] Neural Network based Head Entity Learning
Model.
[0054] In one or more embodiments, given a question,

instead of inferring the head entity directly, a target is
recovering its representation in the KG embedding space.
Thus, a goal of the head entity learning model is to compute
a vector &, that is as close as possible to this question’s head
entity embedding representation. Similar to the computation
of P, , the same neural network architecture in FIG. 3 may
be used to obtain the predicted head entity representation &,,.
[0055] However, the number of entities in a KG is often
large, and it could be expensive and noisy when comparing
¢, with all entity embedding representations in E. To make
the learning more efficient and effective, KEQA embodi-
ments may employ a head entity detection model to reduce
the number of candidate head entities.

3. Embodiments of Head Entity Detection Model

[0056] In this step, the goal is to select one or several
successive tokens in a question, as the name of the head
entity, such that the search space could be reduced from the
entire entities to a number of entities with the same or
similar names. Then the main role of &, would become
handling the ambiguity challenge.

[0057] In one or more embodiments, to make the frame-
work simple, a bidirectional recurrent neural network (e.g.,
LSTM) based model is employed to perform the head entity
token detection task. FIG. 5 shows an architecture of a Head
Entity Detection (HED) model, according to one or more
embodiments of the present disclosure. As shown in FIG. 5,
the HED model comprise a bidirectional LSTM 510 and a
fully connected layer 520. The HED model has a similar
structure to the one in predicate/head entity learning models,
but without the attention layer.

[0058] FIG. 6 depicts a method for identifying one or more
head entities of an input question using a HED model,
according to one or more embodiments of the present
disclosure. In one or more embodiments, the question is first
mapped (605) into a sequence of word embedding vectors
{x;},forj=1,...,L, and then a bidirectional recurrent neural
network is applied (610) to x; to learn a forward hidden state

sequence Hl and a backward hidden state sequence i1j . The
forward and backward hidden states are concatenated (615)

into a concatenated hidden state hj:[Hj; ]. A fully connected
layer and a softmax function are then applied (620) to h,,
resulting the target vector v ER 2*1 The two values in v, are
corresponding to the probabilities that the j” token belongs
to the two label categories, i.e., entity name token and
non-entity name token. In such a way, each token is classi-
fied and one or several tokens are recognized as the head
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entity name. These tokens are denoted as HED,,,,,,,,, and the
remaining tokens in the question are denoted as HED, .
One or more tokens are selected (625) as the head entity
name based on probability value of each token belonging to
entity name token.

[0059] In one or more embodiments, the questions in Q
and their head entity names are used as the training data to
train the HED model. Since entity name tokens in these
questions are successive, the trained model would also
return successive tokens as HED,, ... with a high probability.
If discrete HED,, ;... is returned, then each successive part
would be considered as an independent head entity name. It
should be noted that HED,,,,;,, might be only part of the
correct head entity name. Thus, all entities that are the same
as or contain HED,, ;,, would be included as the candidate
head entities, which might still be large since many entities
would share the same names in a large KG.

4. Embodiments of Joint Search on Embedding
Spaces

[0060] For each new simple question, with its predicate
and head entity representations P, and &,, as well as its
candidate head entities being predicted, the goal is to find a
fact in G that matches these learned representations and
candidates the most.

[0061] Joint Distance Metric.

[0062] Ifa fact’s head entity belongs to the candidate head
entities, it is named as a candidate fact. Let C be a set that
collects all the candidate facts. To measure the distance
between a candidate fact (h,? .t) and the predicted represen-
tations (&, Py ), an intuitive solution is to represent (h, € .t)
as (e,, P¢ ) and define the distance metric as the sum of the
distance between e, and €;, and distance between P¢ and Pe .
This solution, however, does not take the meaningful rela-
tion information preserved in the KG embedding represen-
tations into consideration.

[0063] In one or more embodiments, a joint distance
metric used that takes advantage of the relation information
e~f(e,, Pr ). Mathematically, the proposed joint distance
metric may be defined as:

minimize||p; — P,ll, + en —&yll, + en, —2l, — %
ninimiz [1pe = Poll, + Billen = éxlly + Ball fens pe) —&illy

Basim[n(h), HED ensiry]| — Basim[n({), HEDyon)

[0064] where é=f(€,,Ps). Function n(-) returns the name
of the entity or predicate. HED,,,;,, and HER,,,,, denote the

HON

tokens that are classified as entity name and non-entity name
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by the HED model. Function sim].,.] measures the similarity
of two strings. B, B2, B3, and p, are predefined weights to
balance the contribution of each term. In one or more
embodiments, £ 2 norm is used to measure the distance, and
it is straightforward to extend to other vector distance
measures.

[0065] The first three terms (which may be referred to as
vector distance terms in Eq. (9) measure the distance
between a fact (h, £ .t) and the prediction in the KG embed-
ding spaces. In one or more embodiments, f(e,, P¢ ) is used
to represent the tail entity’s embedding vector, instead of e,.
In other words, the tail entity embedding vector of the
candidate fact used in the joint distance metric is calculated
using the defined function f(-) defined by the KG, from a
head entity embedding vector and a predicate embedding
vector of the candidate fact. This is because in a KG, there
might be several facts that have the same head entity and
predicate, but different tail entities. Thus, a single tail entity
e, might not be able to answer the question. Meanwhile, f(e,,
Pz ) matches the predicted tail entity €, since it is also
inferred based on f(*). It is tended to select a fact with head
entity name exactly the same as HED,,,,;,,, and with predi-
cate name mentioned by the question. In one or more
embodiments, these two goals are achieved via the fourth
and fifth terms (referred as string similarity terms in Eq. (9)
respectively. In one or more embodiments, the string simi-
larity terms are incorporated in the joint distance metric to
help select a fact with the head entity name exactly the same
as HED,,,,,, and with predicate name mentioned by the
question. The fact (h*, £ *,t*) that minimizes the objective
function is returned.

[0066] Knowledge Embedding based Question Answer-
ing.
[0067] The entire processes of a KEQA embodiments is

summarized in Methodology 1. Given a KG § and a ques-
tion set Q with corresponding answers, a predicate learning
model, a head entity learning model, and a HED model are
trained, as shown from line 1 to line 9. Then, for any new
simple question Q, it is input into the trained predicate
learning model, head entity learning model, and HED model
to learn its predicted predicate representation Pr head entity
representation &,, entity name tokens HED,,, . and non-
entity name tokens HED, . Based on the learned entity
name/names in HED,, ..., the entire § is searched to find the
candidate fact set C. For all facts in C, their joint distances
to the predicted representations (€,,P,8,) are computed
based on the objective function in Eq. (9). The fact (h*, £ ,t*)
with the minimum distance is selected. Finally, the head
entity h* and predicate € * are returned as the answer of Q.

Methodology 1: A KEQA framework embodiment

Input: G, predicates’ and entities’ names, P, E, Q, a new simple question Q.

Output: head entity h* and predicate &

/*Training the predicate learning model: */

1 for Q;in Q do

2 Take the L tokens of Q, as the input and its predicate € as the label to train, as
| shown in Figure 3;

3 | Update weight matrices {W}, w, {b}, and b, to minimize the predicate objective

function

1L
P — ZZ'{
=

2

/*Training the head entity learning model: */

4 for Q;in Q do
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-continued
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Methodology 1: A KEQA framework embodiment

shown in Figure 3;

function

1L
§ T
Eh_z_lrj
=

2

/*Training the HED model:
7  forQ;in Qdo

Take the L tokens of Q, as the input and its head entity h as the label to train, as

Update weight matrices and bias terms to minimize the head entity objective

8 | Take the L tokens of Q; as the input and its head entity name positions as the label
| to train;
9 | Update weight matrices and bias as shown in Figure 5

/*Question answering processes:

10 Input Q into the predicate learning model to learn lA”;
11 Input Q into the head entity learning model to learn &,;

12 Input Q into the HED model to learn HED,,,;,, and HED,,,,;
13 Find the candidate fact set C from §, based on HED,,,;,;
14

Eq. (9).

For all facts in C, calculate the fact (h*, [*, t*) that minimizes the objective function in

[0068] By way of example related to step 12 (above), from
a HED model, the result in FIG. 5 would be that “Australia”
would have a high probability of being an entity name token.
By way of another example, in one or more embodiments,
a phrase that contained ‘“President Abraham Lincoln” would
return results with each of the words “Abraham” and “Lin-
coln” having high probabilities of being combined, at least
because the tokens consecutive and/or the tokens are name
related, together as one entity.

[0069] FIG. 7 depicts an embodiment implementation of
step 13 (above), according to one or more embodiments of
the present disclosure. FIG. 7 illustrates an approach for
searching head entity synonyms in a KG using head entity
names identified by a HED model, according to embodi-
ments of the present disclosure. HED,,,,;,,, may be a single
entity, or it may contain several entities. In one or more
embodiments, one or more entities identified as head entity
by the HED model are input (710) into a KG, which
comprises entities, predicates, their unique code, and set of
synonyms and their embeddings. An entity may comprise
one or more tokens, such as “President Abraham Lincoln.”
Thus, in one or more embodiments, for candidate entity
comprising multiple tokens, an entity vector may be formed,
such as by a dot product of entity vectors of each token of
the entity. In one or more embodiments, the search strategy
comprises searching the KG with embedding comparison,
string matching, or both, for each identified head entity.
[0070] In one or more embodiments, upon determining
(715) whether a direct string match exists for each identified
head entity, the process either goes to returning (720) results,
which results may comprise entity code of the matched
string and a set or sets of synonyms. In one or more
embodiments, if a direct string match is not found, the search
may be extended to attempt to identify (725) whether one or
more partial string matches exists. For example, the two
strings “President Abraham Lincoln” and “the President of
the United States during the Civil War” are partial matched
and also regarded to be the same entity. If one or more partial
string matches are identified, the search process returns
(730) results, which may comprise, for each partial match,
its entity code of one or more sets of synonyms. In one or

more embodiments, in response to no direct or partial string
matches being found, embedding similarities are employed
to identity (735) head entity synonyms for each identified
head entity. All synonyms for the identified head entity via
direct string match, partial string match, and embedding
similarity are collected together to establish (740) a candi-
date fact set for the one or more identified head entities.
[0071] In one or more embodiments, for each search
strategy (string match and embedding comparison), a thresh-
old or thresholds may be used to decide whether enough
similarity or matching exists. The threshold in string match
may or may not the same as the threshold for embedding
comparison.

[0072] By way of further illustration related to steps 13
and 14 (above), once a set of candidate head entities are
found (e.g., from a search process such as that shown in FIG.
7), a candidate fact set C can be constructed based on a set
of found head entities, the predicate from the Q found in
training, and the tail entity, which is known from the training
data. Given the constructed candidate fact set with the
known tail entity (or ground truth) from the training data, the
candidate fact set may be put into Eq. (9) for joint training
of models in the KEQA framework. Once the training is
done, the KEQA framework may be used to predict tail
entity for new question Q in a testing data.

[0073] It shall be noted that these training embodiments
and results are provided by way of illustration and were
performed under specific conditions using a specific
embodiment or embodiments; accordingly, neither these
training embodiments nor their results shall be used to limit
the scope of the disclosure of the current patent document.
[0074] By way of general summary, the disclosed frame-
work KEQA embodiments enjoy several nice properties.
First, by performing question answering based on the KG
embedding, KEQA embodiments are able to handle ques-
tions with predicates and entities that are different from all
the ones in the training data. Second, by taking advantage of
the structure and relation information preserved in the KG
embedding representations, KEQA embodiments can per-
form the head entity, predicate, and tail entity predictions
jointly. The three subtasks would mutually complement each
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other. Third, KEQA framework is generalizable to different
KG embedding algorithms. Thus, the performance of a
KEQA embodiment may be further improved by more
sophisticated KG embedding algorithms.

E. Some Experiments

[0075] It shall be noted that these experiments and results
are provided by way of illustration and were performed
under specific conditions using a specific embodiment or
embodiments; accordingly, neither these experiments nor
their results shall be used to limit the scope of the disclosure
of the current patent document.

[0076] In this section, the effectiveness and generalizabil-
ity of tested embodiments of the disclosed framework
KEQA on a large QA-KG benchmark are evaluated. In one
or more experiments, the following three research questions
are studied:

[0077] Q1: How effective is the KEQA embodiment com-
pared with the state-of-the-art QA-KG methods w.r.t. dif-
ferent freebase subsets?

[0078] Q2: How does the performance of the KEQA
embodiment vary when different KG embedding algorithms
are employed?

[0079] Q3: The objective function of the KEQA embodi-
ment comprises five terms as shown in Eq. (9). How much
does each term contribute?

[0080] 1. Embodiments of Datasets

[0081] In this section, the knowledge graph subsets and
question answering dataset used in the experiments are first
introduced. All the data are publicly available. Their statis-
tics are shown in Table 2.

TABLE 2

The statistics of the question answering datasets

FB2M FB5M SimpleQuestions
# Training 14,174,246 17,872,174 75,910
# Validation N.A. N.A. 10,845
# Test N.A. N.A. 21,687
# Predicates (M) 6,701 7,523 1,837
# Entities (N) 1,963,130 3,988,105 131,681
Vocabulary Size 733,278 1,213,205 61,336

[0082] FB2M and FB5SM: Freebase is often regarded as a
reliable KG since it is collected and trimmed mainly by the
community members. Two large subsets of frechase are
employed in this paper, i.e., FB2M and FB5SM. Their predi-
cate number M and entity number N are list in Table 2. The
repeated facts have been deleted. The application program-
ming interface (API) of freebase is no long available. Thus,
an entity name collection may be used to build the mapping
between entities and their names.

[0083] SimpleQuestions (Borders, et al.,, Scale Simple
Question Answering with Memory Networks. 2015 arXiv
preprint: 1506.02075): It contains more than ten thousand
simple questions associated with corresponding facts. All
these facts belong to FB2M. All questions are phrased by
English speakers based on the facts and their context. It has
been used as the benchmark for various recent QA-KG
methods.

[0084] 2. Experiment Settings

[0085] In one or more embodiments, to evaluate the per-
formance of the QA-KG methods, traditional settings and
use the same training, validation and test splits that are
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originally provided in SimpleQuestions are used. Either
FB2M or FB5M is employed as the KG. Then a KG
embedding algorithm, such as TransE and TransR, is applied
to learn the P and E. It should be noted that P and E are not
extra information sources. Then, a QA-KG method is
applied to predict the head entity and predicate of each
question in the test split. Its performance is measured by the
accuracy of predicting both head entity and predicate cor-
rectly.

[0086] As claimed in the formal problem definition, the
evaluation criterion is defined as the accuracy of predicting
a new question’ both head entity and predicate correctly. The
dimension of the KG embedding representations d is set to
be 250. A pre-trained word embedding based on GloVe is
used. In one or more embodiments, to measure the similarity
of two string, i.e., to build the function sim].,.], implemen-
tation Fuzzy is used. If it is not specific, the KG embedding
algorithm TransE would be employed to learn the embed-
ding representations of all predicates P and entities E.
[0087] 3. Effectiveness of the Tested KEQA Embodiments

[0088] The first research question asked at the beginning
of this section, i.e., how effective is KEQA, is now
answered. In one or more embodiments, 7 state-of-the-art
QA-KG algorithms and one variation of KEQA are included
as the baselines.

[0089] Bordes et al. (Large Scale Simple Question
Answering with Memory Networks. arXiv preprint
1506.02075): It learns latent representations for words,
predicates, and entities, based on the training questions,
such that a new question and candidate facts could be
projected into the same space and compared.

[0090] Dai et al. (CFO: Conditional Focused Neural
Question Answering with Large-Scale Knowledge
Bases. arXiv preprint arXiv:1606.01994): It employs a
bidirectional gated recurrent units based neural net-
work to rank the candidate predicates. Suggestions
from the freebase API are used.

[0091] Yin et al. (Simple Question Answering by Atten-
tive Convolutional Neural Network, 2016 COLING.
1746-1756): It employs a character-level convolutional
neural network to match the questions and predicates.

[0092] Golub and He (Character-Level Question
Answering with Attention. In EMNLP. 1598-1607): It
designs a character-level and attention-based LSTM to
encode and decode questions.

[0093] Bao et al. (Constraint-Based Question Answer-
ing with Knowledge Graph. In COLING. 2503-2514):
It manually defines several types of constraints and
performs constraint learning to handle complex ques-
tions, in which each question is related to several facts.
Extra training questions and freebase API are used.

[0094] Lukovnikov et al. (Neural Network-Based Ques-
tion Answering over Knowledge Graphs on Word and
Character Level. In WWW. 1211-1220): It utilizes a
character-level gated recurrent units neural network to
project questions and predicates/entities into the same
space.

[0095] Mohammed et al. (Strong Baselines for Simple
Question Answering over Knowledge Graphs with and
without Neural Networks, In NAACL-HLT. 291-296):
It treats the predicate prediction as a classification
problem and uses different neural networks to solve it.
It performs entity linking based on Fuzzy.
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[0096] KEQA_noEmbed: No KG embedding algorithm
is used. Instead, it generates the predicate and entity
embedding representations P and E randomly.

[0097] As shown in the introduction above, all the base-
lines have taken advantage of deep learning models to
advance their methods. Their results reported in the corre-
sponding papers or the authors’ implementations are used.
The performance of different methods on SimpleQuestions
with respect to FB2M and FB5M is listed in Table 3.

TABLE 3

Performance of all methods on SimpleQuestions

FB2M (Accuracy) FB5M
Bordes et al. 0.627 0.639
Dai et al. N.A. 0.626
Yin et al. 0.683 (+8.9%) 0.672
Golub and He 0.709 (+13.1%) 0.703
Bao et al. 0.728 (+16.1%) Entire Freebase
Lukovnikov et al. 0.712 (+13.6%) N.A.
Mohammed et al. 0.732 (+16.7%) N.A.
KEQA_ noEmbed 0.731 (+16.6%) 0.726
KEQA 0.754 (+20.3%) 0.749

[0098] As mentioned by several other work by Luk-

ovnikov et al. and Mohammed et al., a few algorithms
achieve high accuracy, but they either used extra information
sources or have no available implementations. The extra
training data freebase API suggestions, freebase entity link-
ing results, and trained segmentation models. These rely on
the freebase API, which is no longer available. Instead, the
presented framework KEQA embodiment uses an entity
name collection. Thus, for Dai et al. and Yin et al., their
results are reported when no extra training data is used.
There are two work claimed much good accuracy, but
without publicly available implementations. Thus, it was not
possible to replicate them, which has also been pointed out
by other work.

[0099] From the results in Table 3, three observations are
taken. First, the proposed framework KEQA outperforms all
the baselines. KEQA achieves 20.3% improvement compar-
ing to the accuracy when SimpleQuestions was released.
Second, KEQA achieves 3.1% higher accuracy compared to
KEQA_noEmbed. It demonstrates that the separate task KG
embedding indeed could help the question answering task.
Third, the performance of KEQA decreases 0.7% when
applied to FBSM. It is because all the ground truth facts
belong to FB2M, and FB5M has 26.1% more facts than
FB2M.

[0100] By jointly predicting the question’s predicate and
head entity, KEQA achieves an accuracy of 0.754. In the
predicate prediction subtask, KEQA achieves an accuracy of
0.815 on the validation split, which is worse than the most
recent one 0.828 achieved by Mohammed et al. This gap
suggests that the presented KEQA framework in this patent
document might be further improved by a more sophisti-
cated model. Nevertheless, KEQA still outperforms
Mohammed et al. in the simple question answering task.
This confirms the effectiveness of the presented jointly
learning framework. Through the jointly learning, KEQA
achieves an accuracy of 0.816 in predicting the head entity,
0.754 in predicting both head entity and predicate, and 0.680
in predicting the entire fact, on the test split and FB2M. It
implies that some of the ground truth facts do not exist in
FB2M.
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[0101] 4. Embodiments of Generalizability and Robust-
ness Evaluation

[0102] E.4.1 Generalizability of KEQA.

[0103] Inone or more embodiments, to study how general
is KEQA when different KG embedding algorithms are used,
three scalable KG embedding methods are included in the
comparison. Detailed introductions are listed as follows:

[0104] KEQA_TransE: TransE is used to perform the
KG embedding. It is a typical translation-based
method. It defines the relation function as e~f(e,,
P¢ )=e,+ P¢ | and then performs the margin-based rank-
ing to make all the facts approach to satisfy the relation
function.

[0105] KEQA_TransH: TransH is used to perform the
KG embedding. TransH is similar to TransE, and
defines the relation function as e/ ‘~e, +Pr, where
e —e,—~mJe,m, and M, is the hyperplane of predicate

[0106] KEQA_TransR: TransR is similar to TransE, and
defines the relation function as eM;=~e, M, +Ps
where M, is a transform matrix of £.

[0107] The performance of KEQA when not using the KG
embedding and when using different KG embedding algo-
rithms is shown in Table 4. From the results, three major
observations are obtained. First, the KG embedding algo-
rithms have improved the performance of KEQA. For
example, KEQA achieves 3.1% improvement when it is
based on TransE, comparing to KEQA_noEmbed. Second,
KEQA has similar performance when using different KG
embedding algorithms. It demonstrates the generalizability
of KEQA. Third, even when not using the KG embedding,
KEQA could still achieve comparable performance to the
state-of-the-art QA-KG methods as shown in Table 3. It
validates the robustness of KEQA. The reason that ran-
domly-generated P and E could achieve comparable perfor-
mance is that it tends to make all P¢ uniformly distributed
and far away from each other. This would convert the
representation prediction problem to a one that is similar to
the classification task.

TABLE 4

The performance of KEQA with different knowledge
graph embedding algorithm on FB2M

SimpleQuestions SimpleQ_ Missing

KEQA_noEmbed 0.731 0.386
KEQA_ TransE 0.754 (+3.1%) 0.418 (+8.3%)

KEQA_ TransH 0.749 (+2.5%) 0.411 (+6.5%)
KEQA_ TransR 0.753 (+3.0%) 0.417 (+8.0%)
[0108] 4.2 Robustness of KEQA.

[0109] To further validate the robustness of KEQA, all the
108,442 questions in SimpleQuestions are reshuffled and a
new dataset named SimpleQ_Missing is obtained. In one or
more embodiments, to perform the reshufile, all the types of
predicates are randomly split into three groups, and assign
questions to these groups based on the predicates. Thus, in
SimpleQ_Missing, all the corresponding predicates of the
questions in the test split have never been mentioned in the
training and validation splits. In the end, 75,474 questions in
the training split, 11,017 questions in the validation split,
and 21,951 questions in the test split are obtained, which are
roughly the same ratios as the ones in SimpleQuestions. The
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performance of KEQA with different KG embedding algo-
rithms on SimpleQ_Missing is shown in Table 4.

[0110] From the results in Table 4, it is observed that
KEQA could still achieve an accuracy of 0.418 with the help
of TransE. The global relation and structure information
preserved in the KG embedding representations P and E
enables KEQA to perform 8.3% better than Random. These
observations demonstrate the robustness of KEQA.

[0111] 5. Embodiments of Parameter Analysis

[0112] In this section, investigation is carried out on how
much could each term in the objective function of KEQA
contribute. There are five terms in the objective function as
shown in Eq. (9). In one or more embodiments, the perfor-
mance of KEQA with respect to three groups of different
combinations of terms is investigated. To study the contri-
bution of every single term in Eq. (9), in the first group, i.e.,
Only_Keep, only one of the five terms is kept as the new
objective function. To study the impact of missing one of the
five terms, in the second group, i.e., Remove, one of the five
terms is removed. To study the accumulated contributions, in
the third group, i.e., Accumulate, terms area added as the
new objective function one by one. The performance of
KEQA with respect to different groups of objective func-
tions on FB2M is summarized in Table 5.

TABLE 5

The performance of the KEQA embodiment with
different objective functions on FB2M

Only_ Keep Remove Accumulate
[Pe - B, 0.728 0.701 0.728
1P, - &4l 0.195 0.751 0.745
e, P?) - &) 0.730 0.753 0.745
simn(h), HED,,,,;,] 0.173 0.754 0.746
sim[n¢), HED, _, | 0.435 0.746 0.754
[0113] From the results in Table 5, three major observa-

tions are noted. First, the predicted predicate representation
P¢ has the most significant contribution in the presented
framework. The first term achieves an accuracy of 0.728
independently. It is because the number of predicates 1,837
is much smaller than the number of training questions
75,910. Second, the predicted head entity representation &,
could complement P¢ in the joint learning. The accuracy
increases from 0.728 to 0.745 when €, is used. The second
term achieves a low accuracy independently since the total
number of entities N is too large, e.g., N=1,963,115 in
FB2M. Third, the predicate name n(£) improves the per-
formance of the KEQA by 1.1%. It could be explained by the
fact that some utterances share a few words with the
corresponding predicate names.

F. Some Conclusions

[0114] Question answering over knowledge graph is a
crucial problem since it enables regular users to easily
access the valuable but complex information in the large
knowledge graphs via natural language. It is also a chal-
lenging problem since a predicate could have different
natural language expressions. It is hard for a machine to
capture their semantic information. In addition, even assum-
ing that the entity name of a question is correctly identified,
the ambiguity of entity names and partial names would still
make the number of candidate entities large.
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[0115] To bridge the gap, embodiments of a novel knowl-
edge graph embedding based question answering problem
are disclosed herein and embodiments of a simple and
effective KEQA framework are presented. The KEQA
framework targets solving simple questions, i.c., the most
common type of question in QA-KG. Instead of inferring the
head entity and predicate directly, KEQA jointly recovers
the question’s head entity, predicate, and tail entity repre-
sentations in the KG embedding spaces. In one or more
embodiments, attention-based bidirectional LSTM models
are employed to perform the predicate and head entity
representation learning. Since it is expensive and noisy to
comparing with all entities in a KG, a head entity detection
model is used to select successive tokens in a question as the
name of the head entity, such that candidate head entity set
would be reduced to a number of entities with the same or
similar names. Given the predicted fact &,, P, €, embodi-
ments of a carefully-designed joint distance metric are used
to measure its distances to all candidate facts. The fact with
the minimum distance is returned as the answer. Compre-
hensive experiments were conducted to evaluate the perfor-
mance of the presented KEQA framework embodiments.
Experiments on a large benchmark demonstrate that KEQA
embodiments achieve better performance than state-of-the-
art methods.

[0116] In one or more embodiments, the KEQA frame-
work embodiments may be extended in various scenarios.
The extension includes but not limits to (i) KEQA embodi-
ments performing the question answering based on the
pre-trained KG embedding. KEQA may be advanced by
jointly conducting the KG embedding and question answer-
ing. (i) Real-world knowledge graphs and training ques-
tions are often updated dynamically. KEQA framework
embodiments may be extended to handle such a scenario.

G. System Embodiments

[0117] In embodiments, aspects of the present patent
document may be directed to, may include, or may be
implemented on one or more information handling systems/
computing systems. A computing system may include any
instrumentality or aggregate of instrumentalities operable to
compute, calculate, determine, classify, process, transmit,
receive, retrieve, originate, route, switch, store, display,
communicate, manifest, detect, record, reproduce, handle, or
utilize any form of information, intelligence, or data. For
example, a computing system may be or may include a
personal computer (e.g., laptop), tablet computer, phablet,
personal digital assistant (PDA), smart phone, smart watch,
smart package, server (e.g., blade server or rack server), a
network storage device, camera, or any other suitable device
and may vary in size, shape, performance, functionality, and
price. The computing system may include random access
memory (RAM), one or more processing resources such as
a central processing unit (CPU) or hardware or software
control logic, ROM, and/or other types of memory. Addi-
tional components of the computing system may include one
or more disk drives, one or more network ports for com-
municating with external devices as well as various input
and output (I/O) devices, such as a keyboard, a mouse,
touchscreen and/or a video display. The computing system
may also include one or more buses operable to transmit
communications between the various hardware components.
[0118] FIG. 8 depicts a simplified block diagram of a
computing device/information handling system (or comput-
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ing system) according to embodiments of the present dis-
closure. It will be understood that the functionalities shown
for system 800 may operate to support various embodiments
of'a computing system—although it shall be understood that
a computing system may be differently configured and
include different components, including having fewer or
more components as depicted in FIG. 8.

[0119] As illustrated in FIG. 8, the computing system 800
includes one or more central processing units (CPU) 801
that provides computing resources and controls the com-
puter. CPU 801 may be implemented with a microprocessor
or the like, and may also include one or more graphics
processing units (GPU) 819 and/or a floating-point copro-
cessor for mathematical computations. System 800 may also
include a system memory 802, which may be in the form of
random-access memory (RAM), read-only memory (ROM),
or both.

[0120] A number of controllers and peripheral devices
may also be provided, as shown in FIG. 8. An input
controller 803 represents an interface to various input device
(s) 804, such as a keyboard, mouse, touchscreen, and/or
stylus. The computing system 800 may also include a
storage controller 807 for interfacing with one or more
storage devices 808 each of which includes a storage
medium such as magnetic tape or disk, or an optical medium
that might be used to record programs of instructions for
operating systems, utilities, and applications, which may
include embodiments of programs that implement various
aspects of the present invention. Storage device(s) 808 may
also be used to store processed data or data to be processed
in accordance with the invention. The system 800 may also
include a display controller 809 for providing an interface to
a display device 811, which may be a cathode ray tube
(CRT), a thin film transistor (TFT) display, organic light-
emitting diode, electroluminescent panel, plasma panel, or
other type of display. The computing system 800 may also
include one or more peripheral controllers or interfaces 805
for one or more peripherals 806. Examples of peripherals
may include one or more printers, scanners, input devices,
output devices, sensors, and the like. A communications
controller 814 may interface with one or more communica-
tion devices 815, which enables the system 800 to connect
to remote devices through any of a variety of networks
including the Internet, a cloud resource (e.g., an Ethernet
cloud, an Fiber Channel over Ethernet (FCoE)/Data Center
Bridging (DCB) cloud, etc.), a local area network (LAN), a
wide area network (WAN), a storage area network (SAN) or
through any suitable electromagnetic carrier signals includ-
ing infrared signals.

[0121] In the illustrated system, all major system compo-
nents may connect to a bus 816, which may represent more
than one physical bus. However, various system components
may or may not be in physical proximity to one another. For
example, input data and/or output data may be remotely
transmitted from one physical location to another. In addi-
tion, programs that implement various aspects of the inven-
tion may be accessed from a remote location (e.g., a server)
over a network. Such data and/or programs may be con-
veyed through any of a variety of machine-readable medium
including, but are not limited to: magnetic media such as
hard disks, floppy disks, and magnetic tape; optical media
such as CD-ROMs and holographic devices; magneto-opti-
cal media; and hardware devices that are specially config-
ured to store or to store and execute program code, such as
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application specific integrated circuits (ASICs), program-
mable logic devices (PLDs), flash memory devices, and
ROM and RAM devices.

[0122] Aspects of the present invention may be encoded
upon one or more non-transitory computer-readable media
with instructions for one or more processors or processing
units to cause steps to be performed. It shall be noted that the
one or more non-transitory computer-readable media shall
include volatile and non-volatile memory. It shall be noted
that alternative implementations are possible, including a
hardware implementation or a software/hardware imple-
mentation. Hardware-implemented functions may be real-
ized using ASIC(s), programmable arrays, digital signal
processing circuitry, or the like. Accordingly, the “means”
terms in any claims are intended to cover both software and
hardware implementations. Similarly, the term “computer-
readable medium or media” as used herein includes software
and/or hardware having a program of instructions embodied
thereon, or a combination thereof. With these implementa-
tion alternatives in mind, it is to be understood that the
figures and accompanying description provide the functional
information one skilled in the art would require to write
program code (i.e., software) and/or to fabricate circuits
(i.e., hardware) to perform the processing required.

[0123] It shall be noted that embodiments of the present
invention may further relate to computer products with a
non-transitory, tangible computer-readable medium that
have computer code thereon for performing various com-
puter-implemented operations. The media and computer
code may be those specially designed and constructed for
the purposes of the present invention, or they may be of the
kind known or available to those having skill in the relevant
arts. Examples of tangible computer-readable media include,
but are not limited to: magnetic media such as hard disks,
floppy disks, and magnetic tape; optical media such as
CD-ROMs and holographic devices; magneto-optical
media; and hardware devices that are specially configured to
store or to store and execute program code, such as appli-
cation specific integrated circuits (ASICs), programmable
logic devices (PLDs), flash memory devices, and ROM and
RAM devices. Examples of computer code include machine
code, such as produced by a compiler, and files containing
higher level code that are executed by a computer using an
interpreter. Embodiments of the present invention may be
implemented in whole or in part as machine-executable
instructions that may be in program modules that are
executed by a processing device. Examples of program
modules include libraries, programs, routines, objects, com-
ponents, and data structures. In distributed computing envi-
ronments, program modules may be physically located in
settings that are local, remote, or both.

[0124] One skilled in the art will recognize no computing
system or programming language is critical to the practice of
the present invention. One skilled in the art will also
recognize that a number of the elements described above
may be physically and/or functionally separated into sub-
modules or combined together.

[0125] It will be appreciated to those skilled in the art that
the preceding examples and embodiments are exemplary
and not limiting to the scope of the present disclosure. It is
intended that all permutations, enhancements, equivalents,
combinations, and improvements thereto that are apparent to
those skilled in the art upon a reading of the specification
and a study of the drawings are included within the true
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spirit and scope of the present disclosure. It shall also be
noted that elements of any claims may be arranged differ-
ently including having multiple dependencies, configura-
tions, and combinations.

What is claimed is:

1. A computer-implemented method for question answer-
ing using one or more processors to cause steps to be
performed comprising:

generating, using a predicate learning model, a predicted

predicate representation in a knowledge graph (KG)
predicate embedding space for a question comprising
one or more tokens;

generating, using a head entity learning model, a pre-

dicted head entity representation in an KG entity
embedding space for the question;

obtaining a predicted tail entity representation, based on

a relation function that relates, for a fact in KG embed-
ding space, a head entity representation and a predicate
representation to a tail entity representation, from the
predicted predicate representation and the predicted
head entity representation, the predicted predicate rep-
resentation, the predicted head entity representation,
and the predicted tail entity representation forming a
predicted fact;

identifying, using a head entity detection (HED) model,

one or more predicted head entity names for the ques-
tion, each predicted head entity name comprises one or
more tokens from the question;
searching, in the KG, head entity synonyms related to the
one or more predicted head entity names;

constructing a candidate fact set comprising one or more
candidate facts, each candidate fact comprises a head
entity from among the head entity synonyms; and

choosing, based on a joint distance metric, one candidate
fact in the candidate fact set with a minimum joint
distance to the predicted fact as an answer to the
question.

2. The computer-implemented method of claim 1 wherein
the predicate learning model has a neural network structure
comprising a bidirectional recurrent neural network layer
and an attention layer, the generation of the predicted
predicate representation comprising:

mapping the one or more tokens in the question into a

sequence of word embedding vectors;

generating, using the bidirectional recurrent neural net-

work layer, a forward hidden state sequence and a
backward hidden state sequence;
concatenating the forward and backward hidden state
vectors into a concatenated hidden state vector;

applying, by the attention layer, an attention weight to the
concatenated hidden state vector to obtain a weighted
hidden state vector;

concatenating the weighted hidden state vector with the

word embedding to obtain a hidden state for each
token;

applying a fully connected layer to the hidden state to

obtain a target vector for each token; and

using a mean of all target vectors as the predicted predi-

cate representation.

3. The computer-implemented method of claim 2 wherein
the head entity learning model have a neural network
structure the same as the predicate learning model.

4. The computer-implemented method of claim 3 wherein
the predicate learning model and the head entity learning
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model are pre-trained using a training data set with ground
truth facts via a predicate objective function and a head
entity objective function respectively.

5. The computer-implemented method of claim 1 wherein
the HED model has a neural network structure comprising a
bidirectional recurrent neural network layer and a fully
connecter layer, the identification of the one or more pre-
dicted head entity names for the question comprising:

mapping the one or more tokens in the question into a

sequence of word embedding vectors;

generating, at the bidirectional recurrent neural network

layer, a forward hidden state sequence and a backward
hidden state sequence;
concatenating the forward and backward hidden state
vectors to obtain a concatenated hidden state vector;

applying the fully connected layer and a Softmax function
to the concatenated hidden state vector to obtain a
target vector for each token, each target vector has two
probability values corresponding to probabilities that
the token belongs to entity token name and non-entity
token name; and

selecting one or more tokens as the head entity name

based on probability value of each token belonging to
entity token name.
6. The computer-implemented method of claim 1 wherein
the joint distance metric comprises distance terms represent-
ing distance between a vector in the candidate fact and a
corresponding vector in the predicted fact, each term is a € >
norm to measure vector distance.
7. The computer-implemented method of claim 6 wherein
the joint distance metric further comprises string similarity
terms representing string similarity between name of entity
in the candidate fact and the tokens classified as entity name
by the HED model, and string similarity between name of
the predicate in the candidate fact and the tokens classified
as non entity name by the HED model.
8. The computer-implemented method of claim 7 wherein
the joint distance metric is a weighted combination of the
distance terms and the string similarity terms.
9. The computer-implemented method of claim 6 wherein
in the joint distance metric, the candidate fact has a tail entity
embedding vector calculated, using the relation function,
from a head entity embedding vector and a predicate embed-
ding vector of the candidate fact.
10. The computer-implemented method of claim 1
wherein searching head entity synonyms in the KG related
to the one or more predicted head entity names comprising:
inputting entity vector for each head entity name into the
KG; and

searching, in the KG, head entity synonyms with corre-
sponding token embedding, by both embedding com-
parison and string match, each head entity synonym has
direct or partial string match to the head entity name, or
has embedding similarity to the entity vector.

11. The computer-implemented method of claim 10
wherein for head entity name comprising multiple tokens,
the entity vector is combined from a dot product of entity
vectors of each token.

12. A computer-implemented method for question
answering using one or more processors that cause steps to
be performed comprising:

generating, using a predicate learning model stored in one

or more memories of one or more computing devices,
a predicted predicate representation for a question
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comprising one or more tokens in a predicate embed-
ding space, the predicate learning model being pre-
trained using training data with ground truth facts and
a predicate objective function;

generating, using a head entity learning model stored in
one or more memories of one or more computing
devices, a predicted head entity representation for the
question in an entity embedding space, head entity
learning model being pre-trained using training data
with ground truth facts and a head entity objective
function;
identifying, using a relation function based upon knowl-
edge graph (KG) embedding, a predicted tail entity
presentation from the predicted predicate representa-
tion and the predicted head entity presentation, the
predicted head entity representation, the predicted
predicate representation, and the predicted tail entity
representation forming a predicted fact; and
selecting a fact from among at least a subset of facts in the
KG, based on a joint distance metric, as answer to the
question, the selected fact having a minimum joint
distance between it and the predicted fact according to
the joint distance metric.
13. The computer-implemented method of claim 12
wherein the at least a subset is a candidate fact set compris-
ing one or more candidate facts chosen from the one or more
facts in the KG, each candidate fact comprises a head entity
as a synonym for one or more predicted head entity names
identified by a head entity detection (HED) model compris-
ing at least a bidirectional recurrent neural network layer and
a fully connected layer.
14. The computer-implemented method of claim 13
wherein the one or more predicted head entity names are
identified by the HED model by steps comprising:
generating, using the bidirectional recurrent neural net-
work layer, a forward hidden state sequence and a
backward hidden state sequence from a sequence of
word embedding vectors of the one or more tokens in
the question;
concatenating the forward and backward hidden state
vectors into a concatenated hidden state vector;

applying at least the fully connected layer to the concat-
enated hidden state vector to obtain a target vector for
each token, each target vector has two probability
values corresponding to probabilities that the token
belongs to entity token name and non-entity token
name; and

selecting one or more tokens as the head entity name

based on probability value of each token belonging to
entity token name.

15. The computer-implemented method of claim 13
wherein the joint distance metric comprises vector distance
terms representing €2 norm of vector distance between a
vector in the candidate fact and a corresponding vector in the
predicted fact, and string similarity terms representing string
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similarity between name of entity in the candidate fact and
the tokens classified as entity name by the HED model, and
string similarity between name of the predicate in the
candidate fact and the tokens classified as non entity name
by the HED model.

16. The computer-implemented method of claim 15
wherein the joint distance metric is a weighted combination
of the vector distance terms and the string similarity terms
with a weight for each term in the joint distance metric.

17. A non-transitory computer-readable medium or media
comprising one or more sequences of instructions which,
when executed by one or more processors, causes the steps
for question answering to be performed comprising:

generating a vector in a knowledge graph (KG) predicate

embedding space as a predicted predicate representa-
tion for a question comprising one or more tokens;
generating a vector in a KG entity embedding space as a
predicted head entity representation for the question;

obtaining a predicted tail entity representation, based on
a relation function based upon knowledge graph (KG)
embedding, from the predicted predicate representation
and the predicted head entity presentation, the pre-
dicted predicate representation, and the predicted tail
entity representation forming a predicted fact;

identifying one or more predicted head entity names for
the question, each predicted head entity name com-
prises one or more tokens from the question;

searching, in the KG, head entity synonyms to the one or
more predicted head entity names by both embedding
comparison and string match;

constructing a candidate fact set comprising one or more

candidate facts, each candidate fact comprises a head
entity among the head entity synonyms; and
choosing one candidate fact in the candidate fact set with
a minimum joint distance to the predicted fact based on
a joint distance metric as an answer to the question.

18. The non-transitory computer-readable medium or
media of claim 17 wherein the joint distance metric com-
prises vector distance terms representing £ > norm of vector
distance between a vector in the candidate fact and a
corresponding vector in the predicted fact, and string simi-
larity terms representing string similarity between entity
name of candidate fact and entity tokens in the question, and
string similarity between predicate name of candidate fact
and non-entity tokens in the question.

19. The non-transitory computer-readable medium or
media of claim 18 wherein the joint distance metric is a
weighted combination of the vector distance terms and the
string similarity terms.

20. The non-transitory computer-readable medium or
media of claim 19 wherein in the joint distance metric, the
string similarity terms counterweight the vector distance
terms.
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Sk R SE AR MR SR, 2> (215) 5k Sk Stk . 2 B B bR a8 1) — AN 32 N A hi iR
Al R Sk SE AR A4 HR, SR JE K G R A 2R A5 (A BN SE R 2R AH R AL 44
PRI AN SR ARG €, 1 AT AR v SUHkAR . (111) 45 5 KGR N SE15 58 U % R R 8T
£ (), KEQASZHE /7 it 4E (220) TN 3R SLA R R € = (€5, Do), WUIE AR Pe, THI
e B GAR L R € AT JE B IR TR € T J T 52 (€ P €6) , 3£ THE L0 VAR A B
BT R,EF (225) GHP TN SE (€h P €) R I B ZE 52, 30K AR i) B & &
1703 ],

[0049] 1. iR B R B St 7 =X

[0050]  7E—ANERZ ALt 7 S, Bt A I HESEKEQASR FI B & B 1RlP FISZARERT ik AN 3R
AR RFER R A — A B A S 7 X, oTBL R A IKG R N LR & S PAIE . /]
P I BA KGR T 15 7~ A 35 (E AR F TransE TransR TransHZ%

[0051] SR RN B FEREKGH )RR 18 18] / S AR s AR YE m) &=, AT KGHR 1Y R UG 45 44
Ao RAR R AE X 22 S s . KZBINAKGHR AN E 2O B LA R X T 6
HERENHESE (h, 1, 1), HIRA RRPERIRN (ensp1sed) o AN FEIEREHLHLEEE T I 251 5
WA Y)aaten, pr MledRE ARG, & X T MER AT EHHSE (h, ,t) FIRR KR
£ (+) ,Blec==f (en,p1) - Fl40, TransE¥F 1% K R € X Ner~entp1, TransRIEGH E L AeM
~enMi+p1, Fe MR IE A L B s, 0T G R FTE F 52, ik N SRR e AT (en,
p1) ] B B e /M o — Rl B R B T 3 R S SO T bR R HE R R A X IERE A AN AR
FEA (B AEAET G ) S sefG me i st) A7 1145 .

[0052]  4nfE 1 ffrow B 2 ST PR R {pi} GErpi=1, ... M) FTfERIER THE SONERIR A
2l K {ei} GLi=1,... ,N) IfERIRMERR AR 2.

[0053] 2. 15 4 R S 50 S Ak 2 > A Y 1) S it 77 3G

[0054] 455 f B ), H b 2E IR N 2 1A R 4R B — AN S AR RS 173808 P, 7R3
PR 23 B FR B — A SR S Sk R S AR R IR €y,

[0055]  fE—ANENZ AN A, 00T B Al LA G I 1)@, B AT IR 18R ) f R
TN ROZAL TR RN 2SR R, B R R B — AV B AR ) U E NN, FIR (]
SR BRI % M) BRI RN R Tnpu IR R P, N T SEILIX A B bR, SR A T W 3 FTR 1)
PRI 28 B8 A0 STt 7 2o 7 — DN EREZ ANt 77 b, 1 480 32 A0 35 XU R 346 A i 20 [ 2%
JE310FIVE R JE 325  AE— B A it 77 2 b, XU e) it A4 22 W0 28 22 3102 X ) K A 47
fitigs (LSTM) o A0 JEAEE 25 FE HLRIIR) 503 R0 2 B2 o A () L 174 B3] v BB AN [E) & S
SR R0 o R = N T I T 1 = SRS R ey 19/ B R SR DO = R X e 3 i
HHE N,

[0056]  Jk -2 [N 4% (1) 1B TRl R s 7 2 o O 1 BN i) RV T8 3], AR e iR T 07 e B 1B
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ST AN T A g 1) 1] LR 2 STRJC ST, B ] Rtk g A S 28 1) 9 1 R A s 25 28l R
HCI e B 43 SIS 1) R SR T, FH T f 2% FH P Tl R 10) 488008 5 A2 TG A 1, 3 i) L) 9 1] AT RE A
F T ISR dE i oA 8 10 AL S B O T7 R B P S O o e Ak, FRATTRE W 543,
FEPFIEF CR B )4 ok A8 B vl I, HE HAATTRE T4 Ak Il 8 =] 2 (R RS 1 L o
TRANEX — Z2EE , AR SCHER TR TG X2 U ] A S BRSO T =

[0057] | KK BAICZ (LSTM) /R 38 U #2855 1 S 2R 49 7, ] 3 s H TR IR AR A T 1)
— AN Z AN S 7 1 AR S B S A SR [ SR A 2 T AR A A TR S T
T8 FH A ] RH Sk BB S Ak 2 SIS ZR SR F3 0 A A\ i) L 4D 8 3] %) 7925 o 25 7 K FE LI )
T S INZBA, iGloVe (Pennington, 8 N\ ,GloVe : Huial KR4 f&1A] & (Global
Vectors for Word Representation),In EMNLP.1532-1543), B %¢¥H LA [ i
(405) | Hia iR A i) &2 FP 81 {x5) 3054, i =1, ..., L {H& Al DUfE AR IR AR

SRJE P (410) SR LSTM 310325 3 i 1 B O A5 1 91 (g, g, ., Tag ) S O BEREIR 25

91 (B g, by, LR FIBRGURA 5 ) S BL T 7 AR AT 5

[0058]  f; = 0 (WysX; + Wyphyy +bp) (1)
[0059]  1; = o(WiiX; + Wiihyy +by) (2)
[0060]  0; = G(WyoX; + Wyohyg + by) £33
[0061] € = fj o €y + Itanh(W,cX; + Wi sy +b,) (4)
[0062] by = 0; © tanh(c;) (5)

[0063]  Hrp, £ i Mo A2 ST A AT T AR T TS R & et SRITIRA M &
offltanh2&sigmoid FIXHH 26 [E V] pR 4 . o 7"Hadamard FH . Ef BE (415) 71 [a) A5 0] BeEUCR &S
ﬁ%:ﬂ”ﬁt?@%ﬁ%mﬁ%ﬂﬁ%;‘f Iﬁ‘%hj = [ilji ilJ] 315

[0064]  fE— B ANt =0, 5 N R E B A E 320, Bllaj, 3 FRA RN AGHE

_ _exp(a)
[0065] @; 7 p—— (6)

[0066]  qj=tanh (W' [xj;hj]+by)  (7)

[0067]  H b b f2 i B30V R T AT Y (420) Foh LARAH IR SO A 1 B, 4R
Pz e & 5 R aaR A x B Bk (425) , PP AERREUIRES 5= [xj:a5h;]1325. 3R J5 , B 52 i )2
REF (430) 3 Fs;, F HIL 4500 € R©Yaor o 44 M B 4w 330, T i i
RPe 335 LAYTGE (435) AT A ARy BAF AR T I9ME

[0068]  Pp=3Tk  x] (8)

(00691 e ANty 3UrF, 2T U RAcd » BT B0 ) JQ K& HAFA] (RN Ko » T
SR P L R S e w A i B
[0070] k-4 22 IR 28 1) Sk AR SR AR 2 SR o FE — A A St 7 b, 458 R, H AR
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FEKGIR N 25 (8] HR PR S R IR , T AN A2 BT S8 Sk o DRI, Sk Sz pk 2 ST AL B bk
T E R RS Z I A Sk SR N R IR ) B €, AT Pl T H 5, T LA A3
o R [R] ) 28 I 48 B SR RS T 1) Sk B S AR 2 €

[0071] 4R, KGHR 1) SRS @ AR K, I H 98, SEHR I AT 58 AR IR N ROREL T,
XTRE R B BT I H AR O AR S FNE AORNE R KEQASKE it 77 3 T LA SR B Sk sk
Ao AR AR SR ok Ao i Sk ER SR ) Bl B

[0072] 3. Sk S ARG PSS B 1y S it 7 =X

[0073]  FEXANDERA, H bR AL i) ik B — DN EU LN ESL R A BUE N KSR r) 4
Tk o A 7545 22 2 1) AT LA EEAN SE Ak /b B B A MR BA B A4 FR A AN S2 Ak T4 €, ) 32 38
AR A RO .

[0074]  FE—Ask 2 AN 7 :0H, O T HELL f L, SR S Xm0 fh e N 4% (fl i,
LSTM) )RR S P AT Sk 38 S AR A ARG AT 55 . 5 78 i 7 AR 4 A A T ) — AN B 2 A sz i
U Sk SRR ) (HED) 455 B 1) 28 44) o 4 P& 5 Ffr 7, HEDAR 2R A 45 XU LSTM 51041 58 4> 1 42
JZ 520 HEDBL T 5518 7] / S 8 S A 2 STRL T (1) S5 R AR AL, (R B 1R R E

[0075] 644 T MR HE A A T B — AL AN 9t 7 U8 FHHEDAL Y R Joll S\ I A —
B A SR SLAR I 7% A — AN AT T N, T SR ) AR (605) B LRI
&7 A xR =1, .., L), SRJE N FH (610) XU JA] 326 U #1458 I 284 S 2 > i [ B i otk
BFEIIRRUG A FECR S 5 51 Ty 50 10 R [ B B CHR 5 5 0BG (615) J 3 IR HOR 25

hy = [hy; ] 585 e A B 2 Msof tmax 5 808 F (620) Fhy, %] H b &

v; € RP v [y B AMEXS B2 58 AN 4 MUB T W /AR 500 (RN 92 1k 44 9k 4 BRI 9 s
FRRA D) IR X, R 800028, IF H— D A MR A D Sk i s iR 44 7K
XS RMR 7 HEDenti vy » 1) 7 AH JR A2 1K) & R R 78 W HEDnon o 2 T J& T SE 4K 4 FR4
RIEES 2 PR BE R AR, 3 (625) — BN AE kBSR4 7K.

[0076]  #E—A~E ANt Ty A, QP A ) 8 B HL Sk s A A FR g AR IRt R )IZ%
HEDARRY o iy -1 6 i i@l oy () SEAR A4 B WU B2 10, i DA 280 11 0 ) A5 7 10 A 1R v ) R
FRGIE L WA JIHEDent vy 3R [8] o U0 3 0] B BT HE Den i vy » A A BEAN L L2 #870 RE BN
DARST 1Sk SEAA A4 B o BV B A2 HEDenei oy T AR RO IEAA S S0 4 BRI — 43
DRI BT AT S5 HEDent s oy AH IR B 5 HEDenc i o (U SEARERCRE VR0 e Sk B8 AR AL FEAE A L X W]
REVIIRARK, N VR 2 SEACREAE KRG IR AR RN 447K

[0077] 4. i N\ 2% 18] b 356 1 2R A0 S it g 3

[0078] o F-4— AN 1] 52 ol L, X FR) 9 ) A SR 3 SR R o P N &y, JF HLE A it 3k
FRSEARIEAERE T, H Fr e P 3 6 e UL FLiX o2 51 1) ) 2Ros A (Y 5558

[0079] Ik o & B o S SR TS A SR AR S AR S Tk s Sk A s AR, TN LA diw A4 O i =
S RO TR 1% 15 S S 4 o T R 3352 (h, 1, 1) FITZR (8, Pe)

IR, BB TT R (h, 1, t) oA (en, pe) » HRERE B 8 E U enfl @) 2
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] 11 2E B 5 p1 N P 2 8] 14 B 25 2 T SR, X AUk 7 SR A 5 IBKGIR N R R R R 11
XK AER,
[0080]  fE—AEi At b, A TR R R G Bec~f (en,p) UK GEEREEE
e b I B A PR LB T BLSE SO
ot bee e = Pellz + Billen — &1l + Boll fen pr) — €l —

[0081] (nt.0EC
Bastm[ne(h), HED wpyity] — Bysim[n(£), HED o) o

[0082]  HiH @, = f(&,,Pp). Hn (*) IR [FI AR IE I A FK o HEDenti 1y F1 HEDnon 7
HEDASE Y 43 RN S Ak 4 R AR S AR AR A i bR sim[ o, o TINE AN 45 £ 11 AHALL
P B1Bo Ba MBI IR E , F T P AN T DTk o 76— A s 2 A s ft 75 30, 1298
BHTMER 2, BT DL EEY & 2 HAh A &5 S &

[0083]  Ff =1 (FE5 X (9) W AT LARR A [m) & E 25 100 FEKGER A (A S S (h, 1,t) FH
TR 2 T8) ) BE 8 o A — AN A2 5 20, f (en,pr) T R8BSR N R &, TR
Feto HAJTE YL, [ FHHKGE A CRRELE () , DAL S S Sk SRS ARk N n] B AT 1]
R A B TE BICE PR B R B b A P ) fige e 3 S ) R SEAR RN IR) & IX A2 KR AE KGR,
AIREA LA 352 B A R Sk SEARFIE 3], (H 2 BB sl ANEl o Rk, A R S ik e
A AETCIA B 21X A 0] i A, £ (en,p1) UG TE RN FR B2 3 SE AR €6, KA B R L T-F (o) HE
W ) o FLA ) TR BRIXAE — AN, H L SR A PR S HEDeni oy 58 A AHIF] , F HLIB TA] 4 PR
Al R J o AE— AR AN T A, XA B AR o i S AN S T (RS (9)
HORR AT B AR I0) SR SR o 7E— AN ERZ AL 7 b, AR AR AR I & I 2115
GBS R, AT Bk Bk S SR S FK S HEDent i1y 56 4 AH R 31 EL1E 7] 22 FR Y in) @4 K 1)
SR Bl E AR R FESE (015, ) .

[0084]  JETF-JNUHHR A ) @ [5] 25 o 77k LI g T KEQASL it 77 A BEAS 1A - 45 EKC G A
AR S0 0] FRAEQ, 15 1) 2% S B SRS A2y ) B RTHEDAS AU 4 I 25 , 4n A 26 14T 2]
AT IR ARG 0 TAFARLHr (4 1 0 1a] @RQ , oA N B VN SR 18 1] 7 IR | Sk Sk 2
SR FIHEDRR Y e, DL 2% ) SRR 8 17 7R P Sk i 92 A 7R 8y, SEAR 44 KA BEHEDent i 1y
AR SEAR A2 FR 2 BEHEDnon o 28 T-HEDenti oy I 52 ST B (2 4N) SEARLFR, # B A GLLIK F|
R HELEACKTT CHIIFTE L, ENRITINER (€ Pr €M S HE R T2 (9)
H ) H bR R ECR T G B R A B/ NE B RS (0T, 15, t) JiE L Sk SEARR RS R L
R k] .

[0085]  J5¥7:1: KEQARE 4L 5 i 77 =X,

B g, BiEAERG LR, P, E, Q, #FEEEEMA Q.
Brif: AR KRR AR 98 0,
/* )| %1838 & 3 AEAL %/

| s F Qb @ A7

[0086]
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2 B Qi L MRAE A N, 818 ek A B0 e A%, o
& 3 P
3 EHMREREMEW. w. b)Fb, YA K L3838 B 47 F 4K
o~ 7507l
I* 9 4 % 25 KA F T BRE W
4 T Q¥ey @ #AT
Qi 8 LAMAEA BN, AT 60 K3 FARREA IS AT, o8 3
i
6 | EHAE LG Folfy B FA R DAL KA KR B AR S 3
ler -3 25r7],
/* 9 % HED #& %'
¥j
stF QP @ AT
8 VAQiG L AR Ay i N, vA 3k 3R SR ARG AR1E B AF A AR AT
W %
9 FHRELEEFBER, B 5HF
I* 5] 2] K Lf 72
*/
10 H5Qir NiB33 F JHA b U F J Py
11 QN K3FARFE A P LA ] &;
12 4% Q#r A\ HED A A ¥ ¥4 # 3] HEDenity # HEDyon;
13 3 F HEDeniy AGF K EMEL F LK 4£C;
14 stFCPmAEE, HHEFX (9) PO FIHT TR
(h*, €%, t%).
[oog8] {45 IR12 (130 AR 7R, MHEDIEBLUKE , [R5 [ 45 Bl 2 “SR R
W BN AR BRR L S MR A N 5 — A A — e sty b, B85
HHLZE « E RBG7 RTERR [al g5 5L, b fia] “SE AR 227 FMOE” i A AN A
AR AR e, 2RO IE LI A AN/ B2 AN 2 A E N — ANk A2 ARRAH R .
[0089] K| 7HiZ: 7 ARHE AN TFH) —NERZ ALt 7 AU B ER 13 (BL B) 1 st 77 XS
T7 R TR T ARG A A TS 77 30 A5 F B HED A28 35 51 1) Sk 350 51 4k 42 Bk 98 ZRKGH 1)
Sk BB SAA R SR J77% o HEDentivy F] LA J& BN SEAAR, AT DLEL S 24N SEAK AE — D a2 5K
Jiti 77 2 rh, BHHEDAR AL R Dy Sk B SEAR ) — D B2 A SEAR A (710)  FIKGHT , KGALFE SE
A I T BT — AR L [R] SCARISE S R N SRR AT LS — AN A4 R G0 AR A

[0087]
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FIF s MEF RS B M, fE— a2 AN S0 77 2, 6T adE 2 A4 ) ik s 44, mT LA
5] 36 ek SIEAAR ) S A BB SR 1) B 1) R BRSO BRCS AR Im) B FE— A B E AN ST
9 2R IS A4 F FHREAS TR ) Sk A SR I RN B 88 27 A DG T Bl 2 >R 3% ZRKG

[0090]  FE—ANEZ ALt R, R E (T15) AR Sk sk & BAAEEE TR
HRUCFCE  Zod AR el ik 0] (720) 25 3R 245 R T LL Q36 UL A 2 4 £ 1 SR AR Al — 2 B
ZHF S AE— B E AN T A, R A R B AT B LD, AR R AT DA
FEUAZ2iGR il (725) 2 SARAAE — DB AN 7 AF R VLD 5, AR » R/ ag”
TS ] N RIS S S G 7 IX AS TR E A UL G L 1 AN A A — AN A an SRR
H— AN AN FAF R ULHED, NS Rt FRIR (Al (730) 5 5, X TR VLI , 145 3]
LA HE — 2Bk 2 41 R SR B AR AR o £ — AN B2 AN St 77 20, i B T3 A 3] B
SR> A R ULHC , AR N ARRUPE R (735) BN TR N Sk 308 A Sk sE Ak R S iA] . &
FH L4 P A H UL HC 50 70 P47 R DL B AT BR N AEARLER B BT 1R 1) 140 Sk 38 S A4 1) B A [) S
W ERAE— D, LLEESZ (740)  — B AN BT iR () Sk 3 S (1) i ik 5 4

[0091]  FE—AE At 77 20, X T AN R RS (AT ULEC AR A LD , AT DA
A2 A BE R R GE 2 5 A7 22 B I AR IR BT T . 7457 53 DL HC b i) 8 480 PT /g 5 ik
A BE AR ], 0] BEANA]

[0092] RN S ERI3F14 (130 MREE— B Ui, — BB — 24 fgik Sk Sk (1)
wn, NI TR R S R AR , aT DA T —2H4R 2 B9 SkEB Sk ok B IR .2 115 7 QEA
KM ANZRE AR ORI BB S Al i) g fige ik S 4 o 45 5 MY ZRE 3 Hh A 2 () LA &
B SAR (LS FH5) Wi FHL 4R, il LUK i L A (9) b, DUERE Y14k
KEQAME 22 A AR Y, — HLIIZR 52 i, 7T LA FHKEQARE - 42 F0 0 X 45 40 wh 8 1) RBEQU) 8 347 s
NS

[0093] 7 4yF i, iX £E | 2k S it 77 NN 25 5 DL 2s ) B i 7 UL, IF HoR_ AR E
A TS — AN B AR e St T SR PAT I 5 BRI, IR BN R s it 7y X A L 4 SR
FT PR #2450 & RISCER ) A e

[0094] it FEARMEIAR ) 77 X BT A T BIHEZEKEQASL it 77 K= A LA BIJEitk. &, 8
o AT T KGHR AP 1)@ [0] 25, KEQASK it 77 X R A% A FHAN [A] T YN 2R 4 vh i A5 148 1) 15K
PR VB TR A S AR SR AR r) 8T, JL K, J8 ek R FHKGHR N 3R 7 A O BE 1) 285 M) A% 2 (5 ., KEQA
St 77 AT AR AT SR SR I8 TR A R B SR T o X = AN FAE S A EAN A B
KEQAMEZE 0] #E ) B A A KGRNS5 K] b, KEQASIZ jiti 7 2 1 g v DLIE I 56 &2 24 O KG R
NBE#—BR &

[0095] E.—itbszig

[0096] I Yy &, dxX L SIS AN 6 SR 2 DL 285150 B (1) 7 AR AL, IF HoR 7R e 2% AT
=802 AR e St 7 sCE AT Y 5 (Rl dX e s B8 R Lok B AS I FH T BIR il 24 i & ) S
BRI A FF T

[0097]  FEATH, P4l T E R AUQA-KGEEME b BT A JF I HEZEKEQAR) WX sk it 77 =X 1 A 24
P AN e 1 o E— N ER AN SLER R B T RA R =AM I IR R

[0098]  Q1: 5 ZeBEHIQA-KGHVEAHLL ,KEQASL i AN EH HETFEFHAEELH
2
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[0099]  Q2: 4R HAN R MIKGIR N HLVES , KEQASE fta 77 I HERE B AT AANIF] 2

[0100]  Q3:KEQASL it /7 =0 H A5 BB ELHE H AN, 4046 X (9) B

[0101]  4—TiTTfk 2 /2

[0102] 1. BHRAEM St /7 X

[0103] AR e /48 1 SEie A 4 FH A R B - B A ) it [e] - 5 Hs 4 . B A I Bl AR 2
AT BTG B Wk 2.

[0104]  3R2. jn| f [ & H R L S 1 H A

FB2M FB5M SR AP
#l % 14,174,246 17,872,174 75,910
HISE N.A. N.A. 10,845
[0105] #i] 3X, N.A. N.A. 21,687
#1813 (M) 6,701 7,523 1,837
#EM (N) 1,963,130 3,988,105 131,681
3830 K o) 733,278 1,213,205 61,336

[0106]  FB2MANFBSM: H Hi %38 W A /e AT SERIKG, BB Bl A IX R A S A g
AR T H HER A K T4, RIFB2MAT FBSM. B AT 1B 17 4 S MA Sk 4 S NFI T
Fop CEHERHEST WMER. B BN HgAERE D (APT) AR R, SEAR L FREE &
A DA TR ST SR 5 3 A RR TR R B

[0107]  fajER.[A] @ (Borders, &6 N, I FHAE M 48 4 e T B () win) /] 25 (Scale Simple
Question Answering with Memory Networks) .2015 arXiv preprint:1506.02075) : FHf3
T 2 SR HE S TR R L BT A X S S T FB2M. B T i) R E
GBI NARYE SRS SORRIRN &M IR Sl 2 FhQA-KG 7 VA R R 4E

[0108]  2.5ZE0

[0109]  FE—AERZ AL 77 b, 8 T IFAEQA-KGTT VAR M Re , A g n i B H{EH
B AT AE a7 B il 50 e B AL A [0 A I S B0AE AN 35843 - FB2MBRFBAM FH/EKG » 4R J 7 FHIKG
IRANFVE (BlanTransE FiTransR) k2% SJPHIE . MiZiF B PAEA 2 &4 E BIR R 5, fif
FHQA-KG 7 ¥ Pt e 88 3 o A i) R Sk A S AR A ] o HOPE g 280 TR A Tt Sk 3 <
AR IR VR 1) G B S R AT B )

[0110]  IE4nTE IRl R e SR B BRI, VPR ARE A 8 SO TR 008 R R Sk 30 S A
N 1] BT RS 5 B o KGHR N R A d I 48 2 158 B 25018 1 23 F-GloVe ) T4 Il 5 1 B3] ik
NoAE— DAL T, AT IERAD R AR, BN T LR E s i
[o, « I AFRSEEL 77 Fuzzy (B o iR H A KFE I, KGR AL TransEXE ok 2
BT A B RPASEARER BRA RIS o

01111 3. LA KEQASL jiti 5 = A Rtk

[0112]  AKRATTFLEI $2 10 58— AW FT A @, RIKEQA R 2 B 20, BLEMS 2 T RIZ A —1
s A T A, BLRE TR B S I QA-KG AL VA RIKEQARY — R B (b AR Ay R 2R

19



CN 111506714 A W OB P 15/20 71
[0113] e« Bordes% NfEarXiv preprint /KM “Hi A 77 WX 25 10 IR a7 B ) 8t [m] 257

(Large Scale Simple Question Answering with Memory Networks.arXiv preprint
1506.02075) : HIE T Y2k a) @2 2] BLia] 8 8] AN SEAR 1) 38 78 s , DAARE ST in] 7880 A 1k = 5
AT CABE S BRI 2 (A AT LR

[0114] e Dai%f AfFarXiv preprint arXiv&KFEH “CFO: AR AR ESAM R AR M
2 0] /i7" (CFO:Conditional Focused Neural Question Answering with Large-
Scale Knowledge Bases.arXiv preprint arXiv:1606.01994) : H. 5% FH3&EF X m) [ 14558 )5
BT AR X 20 i 1B RIEATHET A 1ok B H B EEAPT

[0115]  « Yin&F AFE2016COLING . A M “HH AL G R 00 25 1) fa] 8. ] il [] 257 (Simple
Question Answering by Attentive Convolutional Neural Network,2016COLING.1746-
1756.) : HAT FHPRF eGR4 X 28 SR DL BE i) R AN 1 0]

[0116]  « GolubMMHefEEMNLP A& K H) “VEE 777 2 ] 1] %~  (Character—Level
Question Answering with Attention.In EMNLP. 1598-1607) : Hi& 1t T 452k fldE T3
= HLS TR G b A A ] /8

[0117]  « Bao%% AFECOLING . AR “HF FH AITA I i 2k T 20 R ) @l fm] 257 (Constraint-
Based Question Answering with Knowledge Graph.In COLING.2503-2514) : R F-zhE X
JURRR R LV R, FEPAT LR 2502 S SRADBE R 1) n) L, Horp g/ [l @R 5 LA =
SEAHIC AT A ISR ) AN G 2R 1) H EHJEAPT .

[0118]  « Lukovnikova NFEWWW. 2 3 A “Jik T e 42 0 2% () BRI A 15 2031 F) R AR I 1)
A2 (Neural Network—Based Question Answering over Knowledge Graphs on Word
and Character Level.In WWW. 1211-1220) : HF 7572048 08 20 B 0 #0248 X 2850 1] 7t
AE ]/ S $5 50 B[R] — 2]

[0119]  « Mohammed%% AFENAACL-HLT . &I “EA FIA BA LR 2% 1 KR fif 5217
Wi a &R R 28" (Strong Baselines for Simple Question Answering over Knowledge
Graphs with and without Neural Networks,In NAACL-HLT.291-296) : H K5 18] 19 AR
oy IR, FF A FHAS [F] A2 I 28 SR AR R B o Ho A T Fuzzy AT SER B 32

[0120]  « KEQA noEmbed : A FHKGHR N 5% o A S , FLREHLAE RIS 18] RS i N R 7P A
E.

[0121] 40 B30T 5 Fs, B SR ER R IR B 2 S B AL R HEdE 7. AN IFEM R 1) 18
LEAFHE R SEI T R AR S A R R3] W T A X FB2MAIFBSMAY
SimpleQuestionsHIANIE J7 I TERE o
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