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Question answering over knowledge base (KBQA) enables users to query over the knowledge base
without the need to know the details. A range of existing KBQA approaches treats the entities
mentioned in the given question as the starting point to find the answers. While helpful in achieving
improvements on the existing benchmarks, they have some limitations on the strategy of query
graph generation, which creates too many candidate queries and makes it hard to select the best-
matching one to get the answer. In this paper, we propose a staged query graph generation approach
based on the answer type, which exploits the correlation between questions and answer types to
reduce the size of the candidate set and further improve the performance. Besides, we construct a
question/answer-type (QAT) dataset aiming to predict the answer type of a given question. Extensive
experiments demonstrate our method outperforms existing methods on both simple questions and
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1. Introduction

Facts are descriptive knowledge that can be stored in knowl-
edge bases (KB) for use by many applications [1,2]. The knowl-
edge graph (KG) is a knowledge base that can be used for knowl-
edge representation and management. Recently, there are many
knowledge graphs constructed and released, such as Freebase [3],
YAGO [4] and DBpedia [5], which contain billions of facts stored
as RDF [6-8] triples (i.e., subject, predicate, object) that can be
queried by SPARQL [9,10]. The advent of knowledge graph creates
many downstream tasks, one of which named question answer-
ing over knowledge base (KBQA) [11], has received widespread
attention. KBQA aims to answer the input questions expressed
in natural language (NL) based on the given knowledge base.
Most of the current approaches treat KBQA as a semantic parsing
task [12-19]. They first transform the NL question into a logical
form. Then they convert the logical form to an executable query
statement (i.e., SPARQL). Finally, they get the answer by executing
the query statement over the given knowledge base.

Most previous semantic parsing-based methods [16-18] pro-
pose to use query graph (Definition 2) to represent the logical
form of the given NL question and make a pipeline to generate the
candidate query graphs: S1: Entity linking. These methods first
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get all entities (“Family Guy” and “Meg”) from the NL question
and then select one entity (“Family Guy”) as the topic entity,
as shown in Fig. 1(S1). S2: Core inferential chain [16]. These
methods assume that the distance between the topic entity and
the answer is no more than two hops. Therefore, they start from
the topic entity and generate the core inferential chain by ex-
ploring all one-hop or two-hop paths, as shown in Fig. 1(52). $3:
Candidate query graph generation. They add some self-defined
constraints (Definition 1) to the core inferential chain to get all
the candidate query graphs. For example, there is a candidate
query graph in Fig. 1(S3). S4: Ranking candidate query graphs.
They compute the similarity between the candidate graph with
the NL question and hence get the top-1 candidate query graph
as the result.

Definition 1 (Constraint). A constraint is defined as a triple<e, p,
c>, where e is a vertex in the core inferential chain, c is a con-
straint vertex and p is the path between e and c. The constraints
can be divided into four types: entity constraint, type constraint,
time constraint and aggregation constraint.

Definition 2 (Query Graph). A query graph is defined as a set
of triples containing the core inferential chain and constraints
extracted from the given NL question, and it can be directly
converted into an executable query.

While the accuracy of answering the questions has improved
through these approaches, one problem remains: they generate
too many noisy query graphs. Thus it is hard to get the most
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Fig. 1. An example query to explain the existing approach [16] and its problem.

similar query graph to the question. For example, as shown in
S2 in Fig. 1, there are three core inferential chains, but two are
wrong (red boxes), resulting in many noisy query graphs.

To solve the above problem, we propose a staged query graph
generation method by introducing the answer types of the ques-
tions. More specifically, our approach consists of three stages. In
the first stage, we train an answer type classification model. In the
second stage, we propose a staged query graph generation based
on answer type, which starts from the answer and can filter many
“noisy” query graphs. In the final stage, we rank the candidate
query graphs, select the top-1 as the most similar query graph to
the NL question, and execute the corresponding SPARQL query to
get the answer.

However, there is a challenge to train a model to predict the
answer type of the given question which lies in the dataset. To the
best of our knowledge, there is no question/answer-type (QAT)
dataset for Freebase. To address this problem, we construct a
dataset called CWQAT from ComplexWebQuestions (CWQ) [20],
which contains 31158 QAT pairs divided into 280 classes.

In summary, the contributions of this paper are as follows:

e We propose an answer type-based method to generate can-
didate query graphs, which can filter many noisy candidate
query graphs and make our approach more accurate.

e We construct a new QAT dataset to explore the correla-
tion between the questions and answer types. It has been
released and can be downloaded freely.!

e We conduct comprehensive experiments on multiple QA
datasets, and our approach outperforms previous works on
both simple questions and complex questions.

The rest of this paper is organized as follows: Section 2 dis-
cusses the related work of the KBQA system. Section 3 introduces
our approach. Section 4 presents the details of the experiments
and shows the experimental results. And Section 5 concludes this

paper.
2. Related work

KBQA has been studied for several decades, and most ap-
proaches can be divided into two classes: information retrieval-
based methods and semantic parsing-based methods.

2.1. Information retrieval-based methods

The information retrieval-based methods try to get candi-
date answers to the questions and rank them. GCN and network

1 https://https://github.com/chy000000/CWQAT

Knowledge-Based Systems 253 (2022) 109576

embedding [21-24] use models to embed a graph into a vec-
tor space. Knowledge Tracing [25-27] is a popular knowledge
embedding method, which estimates how well students have
mastered a concept based on their multi-modal historical records
to embed a graph. These methods allow the information retrieval-
based methods to embed knowledge graph information into a
low-dimensional space and find answers to the questions. The
information retrieval-based methods always differ in both the
way to get candidate answers and the method to rank them. Yao
and Durme [28] adopt some rules to extract hand-crafted features
from the dependency parse results of questions and then feed
them into a classification model. Bordes et al. [29] first propose
an embedding model which can learn the low-dimensional vector
representations of the question words and knowledge base to
predict the confidence of the candidate answers. Later Bordes
et al. [30] propose a subgraph embedding-based method to learn
the low-dimensional features, which can get more information
about the candidate answers. Dong et al. [31] utilize a CNN-based
model for encoding the questions, and Hao et al. [32] apply an
LSTM-based model [33] to encode them. Xu et al. [34] leverage
Wikipedia free text to improve the performance of the system.
Saxena et al. [35] embed the knowledge graph into the model
to compare the similarity between given question and candidate
answers. Li et al. [36] propose a graph summarization technique
using Recurrent Convolutional Neural Network (RCNN) and GCN
to improve KBQA. To find the answer to the question as much
as possible, recent researches retrieve answers over knowledge
graph with multiple hops of reasoning. Chen et al. [37] use exter-
nal knowledge to enrich the embeddings of current knowledge
graph information for multi-hop KBQA. Bi et al. [38] use question
encoding and relation encoding to expand the search space of
answers.

The methods mentioned above often focus on extracting rela-
tions and topic entities. Then they adopt an encoding model to
embed the questions, knowledge base, and answers into a low-
dimensional space. Finally, they compute each score of candidate
answers to the question, such as Saxena et al. [35]. However,
these methods obtain target answers directly from the question
and knowledge base without leveraging the query structure to
the question.

2.2. Semantic parsing-based methods

To make the approaches of KBQA more interpretable, the
semantic parsing-based methods translate the given NL question
into a logical form, which has much meaning and can be directly
translated into an executable query statement by rules. These
methods differ in several ways, such as the logical form and
the way to compute the similarity between the logical form and
NL question. Liang et al. [12] define Lambda Dependency-Based
Compositional Semantics (A-DCS) as the logical form, which can
be generated by using all logical operations. Zou et al. [13] and Hu
et al. [14] propose to use Semantic Query Graph (SQG). They ex-
tract entities and relations from the question firstly and combine
them to construct SQG. Abujabal et al. [15] generate templates
that can map dependency parse tree to a query graph template.
Yih et al. [16] define the query graph as the formal meaning
representation. They first extract entities from the question and
then build the query graph guided by the knowledge graph. Bao
et al. [17] define some constraints to construct the query graph
based on [16]. Luo et al. [18] come up with a new method to
compare the similarity between the question and query graphs.
Chen et al. [19] utilize abstract query graph (AQG) to guide query
graph generation. Qin et al. [39] propose a new way to generate
query graphs. They start with the entire knowledge base and
gradually shrink it to the desired query graph. Bakhshi et al. [40]
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Fig. 2. Overview of the proposed approach.

propose to reorder the words of the question and then locally
parses the new sequence of words backward. Finally, they refine
the uncertain question graph by eliminating the useless nodes
and triples. To explore multi-hop query graph generation, Lan
et al. [41] allow a longer relation path in the query graph gener-
ation. They use an iterative search method to generate the query
graph, which inserts new relations in each iteration to expand
the scope of the query graph. Xiong et al. [42] propose DPG to
efficiently compute the path similarity, which can dynamically
expand the candidate path set with increasing hop number. Some
researchers use relation prediction to improve KBQA, such as Li
et al. [43] and Zhao et al. [44].

The methods mentioned above use a pipeline to answer the
given NL question. The key to these methods is how to generate
the defined candidates of logical form from the NL question and
how to rank them, such as Yih et al. [16] and Luo et al. [18]. The
main difference between our method and the previous methods
is that we use the specific answer type to reduce the size of the
candidate set, and thus it is easier to rank them.

3. Approach

In this section, we introduce our approach. We first show the
overview of our approach in Section 3.1. Then we talk about the
details of the type module in Section 3.2. Next, we discuss the
process of our candidate query graph generation in Section 3.3.
Finally, we present the strategy of ranking in Section 3.4.

3.1. Overview

Our approach follows existing approaches [16-18] to extract
all kinds of constraints from the NL questions and generate the
candidate query graphs. Unlike the existing semantic parsing-
based methods, our approach predicts the answer type of a given
NL question and then leverages the answer type to generate all
candidate query graphs.

The overview of our approach is shown in Fig. 2. Without loss
of generality, in this paper, we use Freebase as the knowledge
base, which has more than 46 million topics and 2.6 billion facts.
We divide our approach into three modules:

(1) Type module. In this module, we first extract the entity
type relations (Definition 3) of each entity type in Freebase. Then
we predict the answer type of the questions and hence get the
corresponding type relations.
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(2) Query graph generation module. In this module, different
from the existing works, which generate one-hop or two paths
as the core inferential chains starting from a topic entity, our
approach starts from the answer node. Then it adds constraints
to the graph by the same relation between the constraints and
the answer node. We aim to use this strategy to reduce the noise
of the candidate query graphs, and the output of this module will
be input to the last module.

(3) Rank module. We apply an existing LSTM-based model to
compute the similarity between the candidate query graphs and
the given questions. Then we train a ranking model by a set of
meaningful features to get the best query graph.

Definition 3 (Type Relations). Type relations are a set of relations
that every entity has with the same entity type. For example, the
entity type “actor” has many entities in Freebase, like “Natalie
Portman”, “John Noble”, etc., and we will extract all of one or
two-hop relations of the entities as this type relations.

3.2. Type module

We divide the type module into two parts, type relations
extraction and type classification. We first extract all entity types’
relations from Freebase. Then, for a given question, we use a neu-
ral network model to predict the answer type and hence get the
corresponding type relations. We introduce how to generate the
type relations and three features of type relations in Section 3.2.1,
the way to collect the dataset in Section 3.2.2, and the detail of
type classification in Section 3.2.3.

3.2.1. Type relations extraction

We extract relations of every entity type and three features of
each relation from Freebase. Specifically, for a given entity type,
we look up all entities of the entity type in Freebase. Then we look
up all one-hop or two-hop relations for each entity and count
the frequency of each relation. Inspired by TF-IDF, we propose
three features to estimate the importance of each relation to a
entity type, namely Relation Proportion (RP, Definition 4), Type
Relevance (TR, Definition 5) and Relation Rate (RR, Definition 6).
Fig. 3 shows two entity types and part of their relations with the
three features.

Definition 4 (Relation Proportion). RP is the proportion of a re-
lation to a specific entity type, and it can describe the degree of
relation associated with an entity type. We define RP as follows:

Count(R;, T;
RP; = Count(R;. T (1)
Count(T;)

where RP;; is the relation proportion of ith relation to jth entity
type, Count(R;, T;) is the number of Relation; occurring in all
entities of Type;, and Count(T;) is the number of entities of Type;
in Freebase.

Definition 5 (Type Relevance). TR describes the ability to distin-
guish different entity types of relations. If most entity types have
the same relation, it will have a low type relevance. We define TR
as follows:
Sum(T
TR; = log# (2)
1 + Count(TRG;)

where TR; is the type relevance of ith relation, Sum(T) is the
number of all entity types in Freebase, and Count(TRC;) is the
number of entity types that contain the Relation;.

Definition 6 (Relation Rate). RR combines RP and TR into a single
metric. It can reflect how important a relation is to an entity type.
We can compute it as follows:

RRij = RPij * TR; (3)
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type relation RP TR RR

film height_meters 0.013 | 0.223 | 0.002

actor nationality 0274 | 0.133 | 0.036
actor_in-film_in 0.281 | 0.618 | 0.173

actor_in-character_in | 0.292 | 0.784 | 0.228

film film_in-actor_in 0.273 1 0.556 | 0.151
film_in-character_in | 0.286 | 0.784 | 0.224

(b) Type relations and their three features

Fig. 3. Example of type relations extraction. (b) shows two entity types and their part relations can be extracted from (a).

Algorithm 1 Question Clustering

Input: NL question set Q = {q1, 42, .., qn}
the corresponding sets of answer type S = {s1, Sa, ..., Sp}
the similarity threshold ¢

Output: The clusters C = {cy, Co, ..., C¢}

1:.C=0

2. cur =1

3: while hasUnlabeledQuestion(Q) do
4:  target = chooseUnlabeledQuestion(Q)
5. Car = {Qtarget}

6: labe’(qtarge[)

7: foreach q; € Q do

8 if not isLabeled(q;) then

9 similarity = Jaccard(Starget , Si)

10: if similarity > ¢ then
11: Ceur-add(q;)

12: label(q;)

13: end if

14: end if

15:  end for
16: cur+ =1
17: end while
18: return C

3.2.2. CWQAT dataset collection

Recently, the Semantic Answer type prediction (SMART) task
[45] was organized as a challenge at the 2020 International Se-
mantic Web Conference (ISWC'20), which aims at predicting the
answer type of a given NL question. However, it only contains
the DBpedia dataset and the Wikidata dataset. There are no QAT
pairs for Freebase. Therefore, we aim to build a QAT dataset
whose answer types belong to Freebase. In addition to questions
and answers, CWQ also provides the corresponding entities in
Freebase for the answers. Therefore, we can get the types of each
answer in Freebase. However, each answer may correspond to
more than one type, and thus we have to choose one or more
relevant types to the question.

Towards tackling the problem, we first cluster the questions
by answer types. More specifically, we can get a set of answer
types corresponding to each question through the answer type.
Then, we think the questions belong to the same category, whose
answer types are similar. Thus, we use the similarity between the
set of answer types to represent the distance between questions.

We use Jaccard to calculate the similarity between two sets of
answer types:

_|ANB| |AN B
" JAUB| ~ |A|+|B|—|ANB

Then, we can get the top-10 types with the highest frequency
of each cluster. Finally, for each question, we label it with the
answer types, which are in both its corresponding answer type
set and the top-10 types of its cluster.

Algorithm 1 shows the process of question clustering. Given an
NL question set Q, the corresponding sets of answer type S, and
the similarity threshold &, we first choose an unlabeled question
as the target of a new cluster and mark it. Then, for each g € Q,
we calculate the Jaccard score between it and the target. If the
score is greater than ¢, we add it to the same cluster and mark it.
Finally, if there are unlabeled questions, we go through the above
process; otherwise, we return the clustering results.

The details of CWQAT can be found in Section 4.1 and Ap-
pendix.

J(A, B)

(4)

3.2.3. Type classification

The answer type of a given NL question is essential for the
precision of the final prediction [46]. For example, in the question
“What movies does Michael Jeffrey Jordan play in?”, if we do
not know the answer type of this question, we may generate a
candidate query “select ?x where { Michael Jeffrey Jordan play_in
?x}”, which is the most similar to the original question. But this
query statement will generate not only the answers of the movie
but also some wrong answers of other types, such as the Chicago
Bull, an American professional basketball team. Therefore, this
strategy to generate candidate query graphs will hurt the pre-
cision without answer type. Walker et al. [46] have shown that
identifying the answer type of a given NL question can boost the
performance of their system.

Previous works use some manual rules [17] or some static
methods [18] to obtain the answer type, which is limited and
hard to expand. Instead of using these static methods, we pro-
pose a model which uses both information of NL question and
knowledge base. Fig. 4 shows an example of our model predicting
the answer type of the given NL question. First, we use a pre-
trained model to get the sentence information of the NL question.
Then we add the knowledge information according to the entities
extracted from the NL question. Finally, we use a linear classifier
to predict the answer type of the given NL question. The detail of
our model is followed.
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Fig. 4. A running example of our model.

(a) Sentence representation

We leverage BERT to get the features of the NL questions,
which is an NLP model developed by Google for pre-trained
language representations and is trained with a vast amount of
text data publicly on the web in an unsupervised manner. Specif-
ically, we transform the NL question into a formal representation
and feed it into the model. Finally, we can obtain a vector as
the features of the NL question. The process of this part can be
formalized as follows:

Q = {w, w3, ..., wy} (5)
W; = embed(w?), i € [1, n] (6)
f, = BERT(WS). i € [1,n] (7)

where Q is an NL question, and w;{ is each word in Q, which is
embedded into a vector W € R% and fed into the BERT to get
the sentence features.

(b) Knowledge information

To build a bridge between NL question and the knowledge
graph, we add the knowledge graph information related to the
question through the entities extracted from the given NL ques-
tion. For an NL question q, we generate a Freebase entity type
vector T = {t{, t], ..., t]} as the information of the knowledge
graph, and the length k of this vector equals the number of
entity types in Freebase. This vector represents what types of
entities are included in the question, and we use the one-hot
encoding method to encode it. For example, for the question
“What character did John Noble play in Lord of the Rings?”, we
can get the entities “John Noble, The Lord of the Rings” and their
corresponding entity type “actor, film”. Then we set the positions
of these entity types in the entity type vector to 1, and the other
entity type positions are set to 0. We use entity type vector
because we believe that the types of entities in question greatly
influence the answer type of the question. As in the example
above, the entity types “actor” and “film” are relevant to the
answer type ‘“character”. The improvement of the experimental
results also proves the effectiveness of the method. Then we use a
linear layer to get this part of the features. The feature extraction
in this part is as follows:

T:{fl,tz,...,tk},ke [1,1(] (8)
fi = ReLU(W % T + b) (9)
where K is the number of entity types and f is the output feature.

(c) Classification and output

To predict the answer type of the given NL question, we
concatenate the NL question features and the knowledge features
together, and feed them into a fully connected layer. Finally, we
utilize softmax as the activate function, and we use multiple
classification cross-entropy loss as our objective function. The
final process is as follows:

f=1fgfil (10)

p = softmax(W, * f + by) (11)
K

L=—Yyilog(p;) (12)
i=1

where y is the label of data and p is the predicted probability.
Algorithm 2 Candidate Query Graphs Generation

Input: NL question Q, the knowledge graph G, the type relations
set T
Output: Candidate Query Graphs CQG

1: CQG(Q) =9

2: t = TypePrediction(Q)

3: T = TypeRelationMapping(t, T)

4: C = ConstraintDetection(Q)

5: foreach c € C do

6: tmp=190

7: R = ConstraintRelationGeneration(c, G)
8: foreachr € R do

9: if r € t then

10: foreach g € CQG(Q) do

11: g. = ContraintBinding(g, c)
12: tmp.append(g.)

13: end for

14: end if

15:  end for

16:  CQG(Q).append(tmp)
17: end for

18: return CQG(Q)

3.3. Query graph generation

This section introduces the details of our staged candidate
query graphs generation method. We do not follow the gen-
eral approach proposed by [16] and used in [17,18] to generate
the candidate query graphs. We propose a new candidate query
graphs generation strategy which starts from the answer node
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by the answer type. Fig. 5 shows an example of generating a
candidate query graph by our method.

Step 1: Constraints extraction. We can extract all possible
constraints from the given NL question, refer to S1-1 and S1-2 in
Fig. 5. For entity constraints extraction, we extract all the entities
mentioned in the NL question by using the state-of-the-art entity
tool S-MART [47]. For type constraints extraction, we leverage an
NLP model proposed in Section 3.2.3 to predict the answer type of
the natural question. For time linking, referring to [ 18], we extract
time mentions by matching year regex and month regex.

Step 2: Relation extraction. We get the type relations of
the answer type and extract one-hop relations of each entity
constraint. For example, in Step 2 in Fig. 5, we can get the type
relations of “film character”, which can be one or two hops, and
regard them as our core inference chains. Then we can get the
one-hop relations of “John Noble” and “The Lord of the Rings”.

Step 3: Candidate query graph generation. Inspired by Mintz
[48] that if two entities have a relation in a knowledge base,
the sentence which includes these two entities will express the
relation in some way, we assume that if both the answer and
constraint have the same relation, the question will express the
relation between the answer and constraint in some way. There-
fore we can add these constraints to the core inference chains by
the same relations. Step 3 in Fig. 5 shows one of the candidate
query graphs that might be generated. We can add the entity
constraints “John Noble” to the basic graph by the relation “ac-
tor”, and we can add the other entity constraints “The Lord of the
Rings” to this graph by the relation “cast”.

Algorithm 2 describes how to generate all candidate query
graphs CQG(Q). Firstly, given the NL question Q, the knowledge
graph G and the set of all type relations, we set CQG(Q) empty,
get the answer type t of Q and the corresponding type relations
7, and we extract all constraints C from Q. Secondly, for each
constraint ¢ € C, we first set a temp set tmp empty to store the
query graphs after adding c to previous candidate query graphs.
Then we extract all relations R of ¢ from G. Next, for each r € R, if
r € t, which means both the answer and c have r, we can add ¢
to previous candidate graphs g to generate new candidate query
graphs. Finally, we add all graphs of tmp to CQG(Q ). By doing this,
we can get all candidate query graphs CQG(Q) of Q.
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Table 1
Features and description.
Category Feature  Description
Entit Sent The average score of all entities linking;
y Nent Number of entities;
Neon Number of each kind of constraints in G;
Skp The average relation proportion of relations in G;
Graph Str The average type relevance of relations in G;
p SrR The average relation rate of relations in G;
Ssim(q,G) The similarity score between NL question and query
graph;
Nans Number of output answers.

3.4. Query graph ranking

To get the most similar query graph to the given question from
the candidate query graphs, we define several features shown
in Table 1 and use a one-layer neural network model to rank
them. Specifically, we compute two types of features: entity
features and graph features. Entity features measure the quality of
entities extracted from NL questions. Graph features consider the
association between relation and the question in the query graph,
and the relevance between relation and the answer type, etc. For
the similarity score Ssim(q,c) between NL question and candidate
query graph, we use LSTM to compute it. Instead of regarding it as
a binary classification task, we view it as a ranking task. Therefore,
during training, we adopt margin ranking loss to maximize the
distance between positive query graphs G+ and negative query
graphs G™:

L = max{0, margin — S(q, G*) + S(q, G™)} (13)

The detail of training data generation can be found in Sec-
tion 4.1.

4. Experiments

In this section, we introduce the settings of our experiments
and the two data sets we use to evaluate our approach, followed
by the main experimental results and detailed analysis.

4.1. Experimental setup

QA datasets: We evaluate our approach on ComplexQuestions
(CompQ) [17] and WebQuestion (WebQ) [12]. CompQ is a QA
dataset over Freebase, which contains 2100 QA pairs collected
from a three-month search query log. The training set has 1300
QA pairs, and the testing set has 800 QA palirs.2 WebQ is also a QA
dataset built on Freebase, which contains 5810 QA pairs collected
from Google Suggest API. The training set has 3778 QA pairs, and
the testing set has 2032 QA pairs.’

CWQAT dataset: We collect 31158 QAT pairs from CWQ and
split them into 27639 for training and 3518 for testing. We divide
these data into 204 clusters by clustering, and finally, we get 104
different classes of them. Specifically, we add a “None” class to
represent the answers that have no type in Freebase, and the
number of different entity types is 616.

Candidate query graph ranking dataset: Because CompQ and
WebQ do not contain the ground truth query graphs, we use
our approach to generate all candidate query graphs for every
question in CompQ and WebQ. Then we pick a candidate graph
as positive data, if the F1 score of its answer is the highest of all
the candidate query graphs and is larger than a threshold (set to

2 https://github.com/JunweiBao/MulCQA/tree/ComplexQuestions
3 https://github.com/brmson/dataset-factoid-webquestions
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questions in WebQ for training.

engine.”

Table 2
The parameter settings of the baselines in end-to-end experiment.
Method Parameter Value
Liang et al,, 2013 The k-best derivations for each span k =50
The number of nodes in the convolutional layer 1000 + 200
. The number of nodes in the semantic layer 300 £+ 100
Yih et al, 2015 Learning rate 0.05~0.005
Training epoch 800
. The dimension of word vectors 64
Jain et al., 2016 Max-norm cutoff 4
The dimension of word vectors 300
The size of Bi-GRU hidden layer 300
Luo et al., 2018 Margin A {0.1,0.2,0.5}
The ensemble threshold K {1,2,3,5,10,+INF}
The batch size B {16,32,64}
The dimension of word vectors 300
The size of the hidden states 256
The layer number of Bi-LSTM 1
Chen et al., 2020 The layer number of graph Transformer 3
Learning rate 2x 1074
Training epoch 30
0.1 in our work), and view others with an F1 score less than a Table 3
threshold (set to 0.1 in our work) as negative graphs. Finally, we  Average F1 scores on CompQ and WebQ
get 813 questions with positive query graphs in CompQ and 5004 Method CompQ WebQ
Liang et al, 2013 - 35.7
Knowledge base: In our experiments, we follow the settings Yih et al, 2015 369 325
4 he ledge b Bast and Haussmann, 2015 - 49.4
of [18] to use the full Freebase dump” as the knowledge base Bao et al., 2016 40.9 504
for ComQ and WebQ. We host the knowledge base with Virtuoso Jain et al., 2016 - 55.6
Abujabal et al,, 2017 - 51.0
Implementation detail: For question clustering in data col- ;‘;Oe‘itaall"zzool;s ‘_‘2'8 ggg
lection, the similarity threshold is set to 0.3. For the answer type Chen et al., 2020 431 534
model, we fine-tune the pre-trained parameters of BERT, and the Our approach 2338 56.6

embedding dimension of knowledge type is set to 64. We use the
Adam with a learning rate of 0.00001. For the graph similarity
model, we use GloVe [49] word vectors with 300-d to initialize
word embedding, and the layer number of LSTM is set to 1. During
the training, we also use the Adam with a learning rate of 0.001,
the margin is set to 0.1, and the number of the training epochs is
set to 30.

4.2. End-to-end results

Because each question can have more than one answer, we use
precision, recall and F1 score as our evaluation metric.®

We compare our approach with the following methods: Be-
rant et al. [12] use A-DCS as the logical form to solve KBQA.
Bast and Haussmann [50] define three templates for WebQ and
try to match test questions to them. Yih et al. [16], and Bao
et al. [17] leverage query graph as the logical form and construct
pipelines to generate the candidate query graphs. Jain et al. [51]
use memory networks to achieve a state-of-the-art result on
WebQ. Abujabal et al. [15] generate templates based on statistics
to get the logical form for a given question. Hu et al. [14] use
state-transition over dependency parsing. Luo et al. [ 18] propose
a semantic matching model to calculate the similarity between
the candidate query graphs and the NL question to improve
the performance of their system. Chen et al. [19] achieve the
state-of-the-art result on CompQ by AQG. We only statistic the
parameter settings of baselines given by the authors in their
works. For convenience, the parameter settings of the baselines
in the end-to-end experiment are listed in Table 2.

4 https://developers.google.com/freebase
https://virtuoso.openlinksw.com/
6 http://www-nlp.stanford.edu/software/sempre/

The results of our experiments are reported in Table 3. Our
approach achieves state-of-the-art results on both CompQ and
WebQ. We note that the method Jain [51] uses to achieve the
highest F1 score before on WebQ is not the semantic parsing-
based method, and thus it has poor interpretability. Yih et al. [16]
and Bao et al. [17] propose a pipeline to generate the candi-
date query graphs and make several features to rank them. Luo
et al. [18] get the similarity between the query graphs and NL
question by encoding the whole query graph to compare with the
NL question, thus getting better results. However, traversing all
the one-hop and two-hop core inference chains creates a lot of
noisy query graphs. We propose to use specific answer types to
reduce the noisy query graphs and achieve better results.

Hu et al. [14] extract relations and add them to the query
graph to generate the candidate set. However, the representation
of the relations is diverse in NL, and there are millions of relations
in the knowledge base. Thus it is hard to improve the accuracy of
the system by adding relation extracted from the NL to the query
graph. Instead of relation extraction, we use the answer type to
improve our system, the number of which in the knowledge base
is much smaller, and thus it is more realizable to predict.

4.3. Detailed analysis

4.3.1. Impact of answer type

This section shows the performance of the answer type-based
query graph generating method. We evaluate the performance of
our method from two aspects: the ability to filter noisy query
graphs and the quality of the candidate query graphs generated
by different approaches.

(1) Since many works do not have the process of query graph
generation, and the candidate query graphs are mostly obtained
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Table 4
The results of filter noisy query graphs.
CompQ WebQ
N P R F1 N P R F1
Luo et al., 2018 204.4 40.76 54.98 42.47 147.5 52.16 61.25 52.73
Chen et al., 2020 88.3 42.11 54.59 43,06 76.1 53.77 61.81 53.43
Our approach 102.9 40.28 62.51 43.80 62.7 55.49 67.15 56.62
Table 5
The results of candidate query graph generation.
CompQ WebQ
NQ P’ R ' NQ P’ R F1'
Luo et al,, 2018 698 4151 82.35 46.19 1806 61.43 84.08 64,67
Our approach 705 49.72 83.15 53.34 1849 63.91 85.55 66.78
Table 6 o _ query graph greater than 0, and the average precision and F1
Accuracy of answer type prediction by different language models. score of the query graph with the highest F1 score for each
Model CWQAT CompQ & WebQ question is higher than Luo et al. on both CompQ and WebQ.
BERT, 2018 92.83 87.11
RoBERTa, 2019 90.57 84.31 4.3.2. Evaluation of answer type prediction
DistIBERT, 2020 93.86 8769 This section shows the performance of our type classification
Our approach 94.20 88.11 model and the results of answer type prediction. Specifically, we

by brute force search in the past works, we only select the most
recent algorithm proposed by Luo et al. [ 18] which generates the
candidate query graphs by brute force search as the baseline. In
addition, we find that only Chen et al. [ 19] have done research on
filtering noise query graphs by AQG, so we also used this work
as the baseline. We use the average number of candidate query
graphs, precision, recall, and F1 score as the evaluation metrics.
The average number of candidate query graphs (N) means the
average size of the candidate query graph set generated by the
candidate query graph generation method for each NL question.
Thus, the lesser the value of N is, the smaller the average size of
the candidate set is, and the fewer noise query graphs generated,
which means the candidate query graphs generation method has
better performance. Precision (P), recall (R) and F1 score are
conventional metrics for evaluating KBQA algorithms. The higher
these three metrics are, the better performance of the candidate
query graph generation method has. Table 4 shows the size of the
candidate set generated by our approach is much smaller than
that generated by Luo et al. [18]. It is smaller than that generated
by AQG used by Chen et al. [19] on WebQ, but larger than it on
CompQ. Note that Chen et al. [19] use graph neural network to
achieve AQG, which is harder to train than the model to predict
the answer type. In addition, compared with these two works,
our answer type-based method improves the performance of the
whole system.

(2) Since Chen et al. [19] do not give the results of candidate
query graph generation on CompQ and WebQ, we only select
Luo et al. [18] as the baseline to compare the quality of the
candidate query graphs with our approach. We use the number of
questions with at least one candidate query graph that has an F1
score greater than 0 (NQ), the average precision (P’), the average
recall (R') and the average F1 score (F1’) of the best candidate
query graphs for each NL question as the evaluation metrics. The
value of NQ is greater means the candidate query graph generated
by the candidate query graph generation method can answer
more questions, and it also shows that the candidate query graph
generation method has better performance. P/, R and F1’ of the
best candidate query graphs are the best performance of each
KBQA algorithm, the higher they are, the better performance the
candidate query graph generation method has. Table 5 shows that
our approach can get more questions with as least one candidate

select three commonly used pre-trained models as the baselines,
which can be applied to text classification tasks: BERT, RoBERTa
and DistilBERT. BERT is proposed by Google and achieved a sig-
nificant improvement in the effect of 11 tasks in NLP at that
time. It adopts the pre-trained language model training task
based on the Mask mechanism and the next sentence prediction
task (NSP), so the model can capture semantic information of
words and sentences. RoBERTa is jointly published by Facebook
and the University of Washington, and achieves better results by
improving the BERT training process, such as using dynamic Mask
and not using NSP training methods. DistilBERT uses a lightweight
pre-trained model for the limited GPU. The main method is to
use the knowledge distillation method, which makes the model
parameters 40% less than BERT, 60% faster than BERT and re-
tains BERT 97% language comprehension. Specifically, we train
different models by multi-label classification training on CWQAT.
During the training, we train the baseline models with different
parameters and select the best results to compare. Finally, we
use Adam with a learning rate of 0.0005 to train the baseline
models, and the number of the training epochs is set to 30. For
prediction, we only take the label with the highest probability
as the prediction, and we use accuracy to measure these models,
which means if the prediction is in the corresponding answer
type set, it is a true positive. Otherwise, it is a false positive. We
evaluate these models on CWQAT and the data collected from
CompQ and WebQ, as shown in Table 6. It shows that our model
achieves the highest scores in both datasets.

4.3.3. Evaluation of CWQAT dataset

In this section, we explore the quality of our QAT dataset.
Specifically, we select three methods as the baselines: (1) we
randomly select an answer type as the label from the corre-
sponding answer type set for each question, (2) we use the full
corresponding answer type set as the label for each question, (3)
we use the answer type with the highest frequency in each cluster
to label each question in the cluster. For the “random” dataset and
the “top-1" dataset, we train a single-label classification model.
For the full label dataset and our dataset, we train a multi-label
classification model. During the training, we use Adam with a
learning rate of 0.001 to train the baseline models, and the num-
ber of the training epochs is set to 30 to get the best results. For
prediction and evaluation, we adopt the strategy of the previous
section. As shown in Table 7, the model trained by our dataset
achieves the best performance in both evaluation datasets.
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Table 7
Accuracy of the model trained by QAT dataset collected by different collection
strategies.

Label choose method CWQAT CompQ & WebQ
Random 92.75 85.26
Full labels 93.15 86.00
Top 1 91.90 87.16
Our approach 94.20 88.11
Table 8
The results of ranking models trained on different features.
Feature CompQ F1 WebQ F1
raw 40.2 52.7
raw+RP 41.6 53.5
raw+TR 41.3 53.8
raw+RR 429 55.4
raw+RP+TR+RR 43.8 56.6
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Fig. 6. The 10 most frequent entity types in CWQAT.

4.3.4. Impact of relation features

This section shows the impact of the three features extracted
from type relations on our ranking performance. Specifically, we
select four methods as the baseline for comparison with the
three features: raw features, raw features with RP, raw features
with TR and raw features with RR, which use the raw features,
Relation Proportion, Type Relevance and Relation Rate to rank the
candidate query graphs. During the training, we use Adam with
a learning rate of 0.001 to train the baseline models, the margin
is set to 0.1, and the number of the training epochs is set to 30
to get the best results. The results are shown in Table 8. Raw
features with the three features achieve the best performance in
both CompQ and WebQ. This demonstrates the effectiveness of
the three features.

Table 9
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4.4. Error analysis

We randomly select 100 questions with an F1 score of 0 from
CompQ and WebQ and analyzed the reason. The major causes of
errors are shown as follows:

Entity linking error (23%): This type of error occurs when the
NL question contains highly ambiguous mentions. For example,
the question “who plays Edward on Deception?” contains two
entities, “Edward” and “Deception”. However, there are many
entities with the same name as “Edward” and “Deception” in
Freebase.

Answer type error (10%): This type of error occurs when our
model fails to understand the semantics of the questions and
thus gives the wrong answer types. For example, the answer type
of the question “Who does Mike marry at the end of season 5
Desperate Housewives?” is “film character”, but the answer type
that our model outputs is “person”.

Complex question (17%): This type of error occurs when the
questions involve superlative qualifiers like “richest”, “oldest”,
etc., or contain clauses, which are implicit constraints. For ex-
ample, the question “Who was the president when the first man
landed on the Moon?” contains a time clause, “when the first man
landed on the Moon”, which is an implicit time constraint, and
thus it is hard to answer.

Incomplete answers (12%): This type of error occurs when the
ground truth answers to the question are incomplete. For exam-
ple, the right answer to the question ‘Where did Tim Tebow grow
up?” is “Manila”, but also “Philippines”. However, the ground
truth of the question is only “Manila”.

Semantic ambiguity (38%): This type of error occurs when the
question is ambiguous. For example, our approach generates an
answer as “profession” to the question “What to do in Paris?”,
while the ground truth is as “tourist attraction”.

These errors lead to 705 questions in CompQ and 1849 ques-
tions in WebQ with at least one candidate query graph that has
an F1 score greater than 0, and thus they limit the performance
of our method to an upper bound.

5. Conclusion and future work

In this paper, we present an answer type-based method for
KBQA and collect a QAT dataset for Freebase. Our approach can
predict the answer type of the given NL question to filter “noisy”
candidate query graphs. To the best of our knowledge, this is the
first work to start from the answer to generate the candidate
query graphs. Our approach achieves the state-of-the-art on both
CompQ and WebQ.

For the future work, we set the following tasks: (1) find a more
meaningful way to choose the most related answer type from the
answer type set for each question, (2) find a method to generate
multi-hop query graphs instead of one-hop or tow query graphs,
(3) it can be seen from the error analysis that the error of complex
question and semantic ambiguity account for the majority, and
thus it is helpful to break the complex question into many simple
questions and combine them to answer it.

The comparison between CWQAT and existing QAT datasets, Number(AT) is the number of different answer types
in the dataset, Average(AT) is the average number of answer types corresponding to each NL question.

Data set Size Target KG Number(AT) Average(AT)
SMART (DBpedia)[45] 21952 DBpedia 310 2.86
SMART (Wikidata)[45] 22822 Wikidata 3129 1.62

EAT [52] 72656 DBpedia 27 1

CWQAT (Ours) 31158 Freebase 616 2.07
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Appendix. Cwqat details

CWAQAT is present in our repository. It is stored in JSON format,
and each question corresponds to one or more answer types.
Table 9 compares CWQAT with existing QAT datasets. It shows
that there is only CWQAT built on Freebase. The number of
different entity types is 616, and the average number of answer
types corresponding to each NL question is 2.07, which shows
that the dataset covers many entity types, and each question
corresponds to the complete answer types as much as possible.

Fig. 6 shows the 10 most frequent entity types in CWQAT. It
can be seen that the higher-level entity types are more frequent,
such as “location” and “person”. For the staged query graph
generation based on answer type, the more specific answer types,
the more noisy query graphs are filtered, but higher-level entity
types can also filter out part of the noisy query graphs. And each
question may correspond to multiple labels. For the questions
with high-level labels, they will also contain some specific types,
such as the answer type of the question “Who play Denethor II
in the Lord of the Rings?” is “person”, and the question may also
correspond to the “film actor” answer type. So CWQAT will also
allow the model to learn the relation between questions and the
specific types.
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