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Knowledge Graph

Ø A fact: head entity ⟶ predicate ⟶ tail entity
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Question Answering Over Knowledge Graph is Crucial

Ø Large-scale knowledge graphs are available.
• Difficult for regular users to find particular facts.

Ø Question answering over knowledge graph aims to
automatically identify facts in KG to answer natural language
questions.
• It provides a way for AI systems to incorporate KG as a key

ingredient to answer human questions.
• Applications: search engine design & conversational agent

building.
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Challenges

Ø A predicate often has various expressions.
• person.nationality: what is …’s nationality, which country

is … from, where is … from, etc.

Ø Ambiguity of entity names and partial names make it hard to
find correct entities.
• Many entities share the same name.
• Partial names: how old is Obama?

Ø Domains of end users’ questions are often unbounded.
• Any KG is far from complete.
• New questions might involve predicates that are different

from training ones. 4



Existing Methods

Ø Semantic parsing based methods:
• It converts natural language questions into logical expressions.

Ø Embedding based methods:
• It projects questions and candidate facts into a unified low-

dimensional space based on training questions.
• It measure their matching scores by the similarities between 

their low-dimensional representations.
• A typical way is to define a margin-based ranking criterion

and train together with negative samples, i.e., wrong answers.
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Opportunity: Knowledge Graph Embedding 

Ø The idea is to learn a low-dimensional vector representation
for each predicate/entity in a KG to preserve original relations.

Ø Learn vector representations benefit downstream tasks.
• KG completion.
• Recommender systems.
• Relation extraction. 6
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Knowledge Graph Embedding

Ø Represent each predicate/entity in a KG as a low-dimensional 
vector, such that original relations are preserved.
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Ø Typical Solution
• TransE

• TransH

• TransR
minimize

X
kehM` + p` � etM`k22
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Problem Statement
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Ø Input: a KG, predicates’ and entities’ names & embedding
representations, training questions with answers.

Ø Output: a trained end-to-end framework that takes a new
simple question as input and returns its head entity & predicate.
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Knowledge Embedding based Question Answering

Ø Each fact (ℎ, 𝑙, 𝑡) can be represented as (𝒆,, 𝒑., 𝒆-).

Ø Given a question, we aim to jointly predict 𝒆,, 𝒑., and 𝒆-.

Ø Three components:
• Predicate learning model & head entity learning model.
• Head entity detection model.
• Joint search on embedding spaces. 9

Knowledge Graph G
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Predicate & Head Entity Learning Model

Ø Each fact (ℎ, 𝑙, 𝑡) can be represented as (𝒆,, 𝒑., 𝒆-).
• For a question can be answered by KG, its predicates’ vector

representation lies in the predicate embedding space.

Ø Design a model.
• Input: a question.
• Output: a vector 𝒑3. that is as close as possible to the 𝒑.. 10

Knowledge Graph G
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Predicate & Head Entity Learning Model

Ø Train on all training questions and use their 𝒑. as the labels.

Ø Pseudocode:

that HEDentity might be only part of the correct head entity name.
Thus, all entities that are the same as or contain HEDentity 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.

3.4 Joint Search on Embedding Spaces
For each new simple question, we have predicted its predicate and
head entity representations p̂` and êh , as well as its candidate head
entities. Our goal is to �nd a fact in G that matches these learned
representations and candidates the most.

3.4.1 Joint Distance Metric. If a fact’s head entity belongs to the
candidate head entities, we name it 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 representations
(êh , p̂` ), an intuitive solution is to represent (h, `, t ) as (eh , p` ) and
de�ne the distance metric as the sum of the distance between eh
and êh and distance between p` and p̂` . This solution, however,
does not take the meaningful relation information preserved in the
KG embedding representations into consideration.

We propose a joint distance metric by taking advantage of the
relation information et ⇡ f (eh , p` ). Mathematically, the proposed
joint distance metric is de�ned as,

minimize
(h,`,t )2C

kp` � p̂` k2 + �1keh � êh k2 + �2k f (eh , p` ) � êt k2

� �3sim[n(h),HEDentity] � �4sim[n(`),HEDnon], (9)

where êt = f (êh , p̂` ). Function n(·) returns the name of the entity
or predicate. HEDentity and HEDnon denote the tokens that are
classi�ed as entity name and non entity name by the HED model.
Function sim[·, ·] measures the similarity of two strings. �1, �2, �3,
and �4 are prede�ned weights to balance the contribution of each
term. In this paper, we use `2 norm to measure the distance, and it
is straightforward to extend to other vector distance measures.

The �rst three terms in Eq. (9) measure the distance between a
fact (h, `, t ) and our prediction in the KG embedding spaces. We use
f (eh , p` ) to represent the tail entity’s embedding vector, instead
of et . It is because in a KG, there might be several facts that have
the same head entity and predicate, but di�erent tail entities. Thus,
a single tail entity et might not be able to answer the question.
Meanwhile, f (eh , p` ) matches the predicted tail entity êt since it
is also inferred based on f (·). We tend to select a fact with head
entity name exactly the same as HEDentity, and with predicate
name mentioned by the question. We achieve these two goals via
the fourth and �fth terms in Eq. (9) respectively. The fact (h⇤, `⇤, t⇤)
that minimizes the objective function is returned.

3.4.2 Knowledge Embedding based �estion Answering. The entire
processes of KEQA is summarized in Algorithm 1. Given a KG
G and a question set Q with corresponding answers, we train a
predicate learning model, a head entity learning model, and a HED
model, as shown from line 1 to line 9. Then, for any new simple
question Q , we input it into the trained predicate learning model,
head entity learning model, and HED model to learn its predicted
predicate representation p̂` , head entity representation êh , entity
name tokens HEDentity, and non entity name tokens HEDnon. Based
on the learned entity name/names in HEDentity, we search the entire
G to �nd the candidate fact set C. For all facts in C, we compute

Algorithm 1: The proposed KEQA framework
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 Qi in Q do
2 Take the L tokens of Qi as the input and its predicate ` as

the label to train, as shown in Figure 2;
3 Update weight matrices {W}, w, {b}, and bq to minimize

the objective function kp` � 1
L
PL
j=1 r

>
j k2;

/* Training the head entity learning model: */

4 for Qi in Q do
5 Take the L tokens of Qi as the input and its head entity h

as the label to train, as shown in Figure 2;
6 Update weight matrices and bias terms to minimize the

objective function keh � 1
L
PL
j=1 r

>
j k2;

/* Training the HED model: */

7 for Qi in Q do
8 Take the L tokens of Qi as the input and its head entity

name positions as the label to train;
9 Update weight matrices and bias as shown in Figure 3;
/* Question answering processes: */

10 Input Q into the predicate learning model to learn p̂` ;
11 Input Q into the head entity learning model to learn êh ;
12 Input Q into the HED model to learn HEDentity and HEDnon;
13 Find the candidate fact set C from G, based on HEDentity;
14 For all facts in C, calculate the fact (h⇤, `⇤, t⇤) that minimizes

the objective function in Eq. (9).

their joint distance to the predicted representations (êh , p̂` , êt )
based on the objective function in Eq. (9). The fact (h⇤, `⇤, t⇤) with
the minimum distance is selected. Finally, we return the head entity
h⇤ and predicate `⇤ as the answer of Q .

In summary, the proposed framework KEQA enjoys several nice
properties. First, by performing question answering based on the
KG embedding, KEQA is able to handle questions with predicates
and entities that are di�erent 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
could perform the head entity, predicate, and tail entity predictions
jointly. The three subtasks would mutually complement each other.
Third, KEQA is generalizable to di�erent KG embedding algorithms.
Thus, the performance of KEQAmight be further improved by more
sophisticated KG embedding algorithms.

4 EXPERIMENTS
We evaluate the e�ectiveness and generalizability of the proposed
framework KEQA on a large QA-KG benchmark. In this section,
we aim to study the following three research questions:

• Q1. How e�ective is KEQA compared with the state-of-the-
art QA-KG methods w.r.t. di�erent freebase subsets?
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Head Entity Detection Model (HED)

Ø Select successive tokens as the name of head entity.

Ø Reduce the search space from entire entities to a number of
entities with the same or similar names.

Ø Head entity name position is used as the label.

Ø is used to handle the ambiguity. 13êh
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Joint Search on Embedding Spaces

Ø

Ø .

Ø Function returns the name of the entity or predicate.

Ø HEDentity and HEDnon denote the tokens that are classified as
entity name and non entity name by the HED model.

Ø sim measures the similarity of two strings.

15

êt = f(êh, p̂`)
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minimize
(h,`,t)2C

kp` � p̂`k2 + �1keh � êhk2 + �2kf(eh,p`)� êtk2

� �3sim[n(h),HEDentity]� �4sim[n(`),HEDnon].
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Advantages of Proposed Framework

Ø KEQA could handle questions with predicates and entities
that not exist in training data.

Ø KG embedding enables KEQA to perform head entity,
predicate, and tail entity predictions jointly.

Ø KEQA is general to all KG embedding algorithms. It might
be further improved by more effective embedding algorithms.
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Datasets

Ø SimpleQuestions: Benchmark for most recent methods.

Ø FB2M & FB5M: subsets of Freebase knowledge graph.
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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

# Words 733,278 1,213,205 61,336

QA_KG methods w.r.t. di�erent freebase subsets?
Q2. How does the performance of KEQA vary when di�erent KG
embedding algorithms are employed?
Q3. The objective function of KEQA consists of �ve terms as shown
in Eq. (9). How much does each term contribute?

4.1 Datasets
We �rst introduce the knowledge graph subsets and question an-
swering dataset used in the experiments. They all are publicly
available. Their statistics are presented in Table 2.

FB2M and FB5M [17]: Freebase is a highly reliable KG since
it is collected and trimmed mainly by the community members.
Two large subsets of freebase are employed in this paper, i.e., FB2M
and FB5M. Their predicate numberM and entity number N are list
in Table 2. The repeated facts have been deleted. The application
programming interface (API) of freebase is no long available. Thus,
we use an entity name collection3 to build the mapping between
entities and their names.

SimpleQuestions [6]: It contains more than ten thousand sim-
ple 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 bench-
mark for most of the recent QA_KG methods [6, 16, 26].

4.2 Experimental Settings
To evaluate the performance of the QA_KG methods, we follow the
traditional settings [10, 24, 43] and use the same training, validation,
and test splits that are originally provided in SimpleQuestions [6].
Either FB2M or FB5M is employed as the KG G. Then a KG embed-
ding algorithm such as TransE [7] and TransR [22] is applied to G
to learn the P and E. It should be noted that P and E are not extra
information sources. Finally, 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 correctly.

As claimed in our formal problem de�nition, the evaluation
criterion is de�ned 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 [28] is used. To measure the similarity
of two string, i.e., to build the function sim[·, ·], we use the imple-
mentation Fuzzy4. If it is not speci�c, the KG embedding algorithm
TransE [7] would be employed.

3https://github.com/zihangdai/CFO
4https://pypi.org/project/Fuzzy/

Table 3: The performance of di�erent methods on Simple-
Questions with di�erent freebase subsets.

FB2M (Accuracy) FB5M

Bordes et al. (2015) [6] 0.627 0.639
Dai et al.3 (2016) [10] N.A. 0.626
Yin et al. (2016) [43] 0.683 (+8.9%) 0.672

Golub and He (2016) [16] 0.709 (+13.1%) 0.703
Bao et al. (2016) [2] 0.728 (+16.1%) Entire Freebase

Lukovnikov et al. (2017) [24] 0.712 (+13.6%) N.A.
Mohammed et al.5(2018) [26] 0.732 (+16.7%) N.A.

KEQA 0.754 (+20.3%) 0.749

4.3 E�ectiveness of KEQA
We now answer the �rst research question asked at the beginning
of this section, i.e., how e�ective is KEQA. We include seven state-
of-the-art QA_KG algorithms as the baselines, and introduce them
in the order of the publication years as follows.
• Bordes et al. [6]: 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.
• Dai et al. [10]: It employs a bidirectional gated recurrent
units based neural network to rank the candidate predicates.
Suggestions from the freebase API are used.
• Yin et al. [43]: It employs a character-level convolutional
neural network to match the questions and predicates.
• Golub and He [16]: It designs a character-level and attention-
based LSTM to encode and decode questions.
• Bao et al. [2]: It manually de�nes 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.
• Lukovnikov et al. [24]: It utilizes a character-level gated re-
current units neural network to project questions and predi-
cates/entities into the same space.
• Mohammed et al. [26]: It treats the predicate prediction as a
classi�cation problem and uses di�erent neural networks to
solve it. It performs entity linking based on Fuzzy.4

As shown in the introduction above, all the baselines have taken
advantage of deep learning models to advance their methods. We
use their results reported in the corresponding papers or the au-
thors’ implementations. The performance of di�erent methods on
SimpleQuestions w.r.t. FB2M and FB5M is listed in Table 3. The
results in Table 3 demonstrate that the proposed framework KEQA
outperforms all the baselines. KEQA achieves 20.3% improvement
comparing to the accuracy when SimpleQuestions was released [6].
The performance of KEQA decreases 0.7%when applied to FB5M. It
is because all the ground truth facts belong to FB2M [6], and FB5M
has 26.1% more facts than FB2M.

As mentioned by several other work [24, 26], there are few algo-
rithms [10, 43] achieve high accuracy, but they either used extra
information sources or have no available implementations [32, 44].
The extra training data includes freebase API suggestions, freebase
5https://github.com/castorini/BuboQA/tree/master/evidence_integration



Effectiveness of KEQA

Ø KEQA outperforms all baselines.

Ø KEQA achieves 3.1% higher accuracy than KEQA_noEmbed.

Ø KEQA decreases 0.7% when applied to FB5M. 18

• Q2. How does the performance of KEQA vary when di�erent
KG embedding algorithms are employed?
• Q3. The objective function of KEQA consists of �ve terms
as shown in Eq. (9). How much does each term contribute?

4.1 Datasets
We �rst introduce the knowledge graph subsets and question an-
swering dataset used in the experiments. All the data are publicly
available. Their statistics 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

FB2M and FB5M [19]: Freebase is often regarded as a reliable
KG since it is collected and trimmed mainly by the community
members. Two large subsets of freebase are employed in this paper,
i.e., FB2M and FB5M. Their predicate numberM and entity number
N are list in Table 2. The repeated facts have been deleted. The
application programming interface (API) of freebase is no long
available. Thus, we use an entity name collection3 to build the
mapping between entities and their names.

SimpleQuestions [6]: It contains more than ten thousand sim-
ple 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 bench-
mark for the recent QA-KG methods [6, 18, 29].

4.2 Experimental Settings
To evaluate the performance of the QA-KG methods, we follow the
traditional settings [10, 27, 46] and use the same training, validation,
and test splits that are originally provided in SimpleQuestions [6].
Either FB2M or FB5M is employed as the KG G. Then a KG embed-
ding algorithm such as TransE [7] and TransR [25] is applied to G
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 correctly.

As claimed in our formal problem de�nition, the evaluation
criterion is de�ned 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 [31] is used. To measure the similar-
ity of two string, i.e., to build the function sim[·, ·], we use the
implementation Fuzzy4. If it is not speci�c, the KG embedding al-
gorithm TransE [7] would be employed to learn the embedding
representations of all predicates P and entities E.
3https://github.com/zihangdai/CFO
4https://pypi.org/project/Fuzzy/

4.3 E�ectiveness of KEQA
We now answer the �rst research question asked at the beginning
of this section, i.e., how e�ective is KEQA.We include 7 state-of-the-
art QA-KG algorithms and one variation of KEQA as the baselines:
• Bordes et al. [6]: 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.
• Dai et al. [10]: It employs a bidirectional gated recurrent
units based neural network to rank the candidate predicates.
Suggestions from the freebase API are used.
• Yin et al. [46]: It employs a character-level convolutional
neural network to match the questions and predicates.
• Golub and He [18]: It designs a character-level and attention-
based LSTM to encode and decode questions.
• Bao et al. [2]: It manually de�nes 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.
• Lukovnikov et al. [27]: It utilizes a character-level gated re-
current units neural network to project questions and predi-
cates/entities into the same space.
• Mohammed et al. [29]: It treats the predicate prediction as a
classi�cation problem and uses di�erent neural networks to
solve it. It performs entity linking based on Fuzzy4.
• KEQA_noEmbed: No KG embedding algorithm is used. In-
stead, it generates the predicate and entity embedding rep-
resentations P and E randomly.

As shown in the introduction above, all the baselines have taken
advantage of deep learning models to advance their methods. We
use their results reported in the corresponding papers or the au-
thors’ implementations. The performance of di�erent methods on
SimpleQuestions w.r.t. FB2M and FB5M is listed in Table 3.

Table 3: Performance of all methods on SimpleQuestions.

FB2M (Accuracy) FB5M

Bordes et al. (2015) [6] 0.627 0.639
Dai et al.3 (2016) [10] N.A. 0.626
Yin et al. (2016) [46] 0.683 (+8.9%) 0.672

Golub and He (2016) [18] 0.709 (+13.1%) 0.703
Bao et al. (2016) [2] 0.728 (+16.1%) Entire Freebase

Lukovnikov et al. (2017) [27] 0.712 (+13.6%) N.A.
Mohammed et al.5(2018) [29] 0.732 (+16.7%) N.A.

KEQA_noEmbed 0.731 (+16.6%) 0.726
KEQA 0.754 (+20.3%) 0.749

Asmentioned by several otherwork [27, 29], a few algorithms [10,
46] achieve high accuracy, but they either used extra information
sources or have no available implementations [35, 47]. The extra
training data freebase API suggestions, freebase entity linking re-
sults, and trained segmentation models. These rely on the freebase
API, which is no longer available. Instead, our framework KEQA
uses an entity name collection3, which is incomplete. Thus, for Dai

5https://github.com/castorini/BuboQA/tree/master/evidence_integration



Experimental Results

Ø Apply different KG embedding algorithms to learn the
predicate and entity embedding representations.

Ø SimpleQ_Missing: All predicates in test have never been
mentioned in the training and validation.

Ø KEQA is general and robust.
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Table 4: Performance of KEQA with di�erent 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%)

entity linking results, and trained segmentation models. They rely
on the freebase API, which is no longer available. Instead, our frame-
work KEQA uses an entity name collection3, which is incomplete.
Thus, for Dai et al. [10] and Yin et al. [43], we report their results
when no extra training data is used. There are two work [32, 44]
claimed much higher accuracy, but without publicly available im-
plementations. We are not able to replicate them, which has also
been pointed out by other work [26].

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 Mo-
hammed et al. [26]. This gap implies that our framework might be
further improved by a more sophisticated model. However, KEQA
outperforms Mohammed et al. [26] in the simple question answer-
ing problem, which demonstrates the e�ectiveness of our proposed
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.

4.4 Generalizability and Robustness Evaluation
4.4.1 Generalizability of KEQA. To study the second research ques-
tion, i.e., how general is KEQA when di�erent KG embedding algo-
rithms are used, we include three scalable KG embedding methods
in the comparison. Detailed introductions are listed as follows.
• KEQA_noEmbed: No KG embedding algorithm is used. In-
stead, it generates the predicate and entity embedding rep-
resentations P and E randomly.
• KEQA_TransE: TransE [7] is used to perform the KG embed-
ding. TransE is a typical translation-based method. It de�nes
the relation function as et ⇡ f (eh , p` ) = eh + p` , and then
performs the margin-based ranking to make all the facts
approach to satisfy the relation function.
• KEQA_TransH: TransH [36] is used to perform the KG em-
bedding. TransH is similar to TransE, and de�nes the relation
function as e?t ⇡ e?h +p` , where e

?
t = et �m>` etm` andm`

is the hyperplane of predicate `.
• KEQA_TransR: TransR [22] is similar to TransE, and de�nes
the relation function as etM` ⇡ ehM` + p` , whereM` is a
transform matrix of `.

The performance of KEQA when using di�erent KG embedding
algorithms is shown in Table 4. From the results, we have three
major observations as follows. First, the KG embedding algorithms
have enhanced the performance of KEQA. For example, KEQA

Table 5: The performance of KEQA with di�erent objective
functions on FB2M.

Only_Keep Remove Accumulate

kp` � p̂` k2 0.728 0.701 0.728
keh � êh k2 0.195 0.751 0.745

k f (eh , p` ) � êt k2 0.730 0.753 0.745
sim[n(h),HEDentity] 0.173 0.754 0.746
sim[n(`),HEDnon] 0.435 0.746 0.754

achieves 3.1% improvement when it is based on TransE, compar-
ing to KEQA_noEmbed. Second, KEQA has similar performance
when using di�erent KG embedding algorithms. It demonstrates
the generalizability of KEQA. Third, even though no KG embedding
algorithm is used, KEQA could still achieve comparable perfor-
mance to the state-of-the-art QA_KG methods as shown in Table 3.
It validates the robustness of KEQA. The reason that randomly-
generated P and E could achieve comparable performance 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 classi�cation problem.

4.4.2 Robustness of KEQA. To further validate the robustness of
KEQA, we reshu�e all the 108,442 questions in SimpleQuestions
and get a new dataset named SimpleQ_Missing. To perform the
reshu�e, we randomly split all the types of predicates into three
groups, and assign questions to these groups based on the predi-
cates. 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, we get 75,474 questions in
the training split, 11,017 questions in the validation split, and 21,951
questions in the test split, which are roughly the same ratios as the
ones in SimpleQuestions. The performance of KEQA with di�erent
KG embedding algorithms on SimpleQ_Missing is shown in Table 4.
From the results, we observe that KEQA could still achieve an ac-
curacy of 0.418 with the help of TransE. The global relation and
structure information preserved in the KG embedding representa-
tions P and E enables KEQA to perform 8.3% better than Random.
These observations demonstrate the robustness of KEQA.

4.5 Parameter Analysis
Wenow investigate the third research question, i.e., howmuch could
each term in the objective function of KEQA contribute. There are
�ve terms in the objective function of KEQA as shown in Eq. (9).
We valid the performance of KEQA w.r.t. three groups of di�erent
objective functions. To study the contribution of every single term
in Eq. (9), in the �rst group, i.e., Only_Keep, we only keep one of
the �ve terms as the new objective function. To study the impact
of missing one of the �ve terms in Eq. (9), in the second group, i.e.,
Remove, we remove one of the �ve terms. To study the accumulated
contributions, in the third group, i.e., Accumulate, we add terms as
the new objective function one by one.

The performance of KEQA w.r.t. di�erent objective functions on
FB2M is summarized in Table 5. From the results, we have three
major observations. First, the predicted predicate representation
p̂` has the most signi�cant contribution in our framework. The



Conclusions

Ø We formally define knowledge graph embedding based 
question answering problem.

Ø KEQA could answer a natural language question by jointly 
recovering its head entity, predicate, and tail entity 
representations in the KG embedding spaces.

Ø We design a joint distance metric that takes the structures 
and relations preserved in the KG embedding representations 
into consideration. 

Ø We empirically demonstrate that the separate task KG 
embedding indeed could help the question answering task.
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