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Abstract

Information retrieval from databases is challenging for a non-SQL-domain expert. Some previous studies have provided solu-
tions for translating the natural language to SQL instruction, aiming to access the information in the database directly. However,
most solutions are in English Natural Language. In addition, the accuracies of the existing works still need to be improved.
This work presents a mechanism called SV2-SQL, based on the pre-trained BERT. The proposed SV2-SQL mainly consists of
multiple deep-learning models, including select-where slot filling model (SWSF-model), value extraction model (VE-model),
and verification (V-model). The SWSF-model handles the classification tasks for those fields that appear in the “Select” and
“Where” clauses, and the VE-model extracts the values for the “Where” clause from the input. The V-model sorts out the
unwanted candidates from two previous models and leaves only the ones with the highest possibility. The proposed SV2-SQL
also includes an algorithm for the inference process and allows the three models to be cooperative. Experimental results show
that the proposed SV2-SQL outperforms the existing studies in terms of precision, accuracy, and recall.
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1 Introduction (SQL). Specifically, the SQL here refers to Data Manipula-
tion Language (DML), a type of instruction that manipu-

Semantic parsing is as considered one of the essential  lates the data in a database. The DML instructions consist

research topics in natural language processing. Seman-
tic parsing is a task that transforms natural languages into
lines of codes or instructions that machines can execute. In
the past, there were some significant works related to this
topic. For example, Text2Code [1], Text2Sparql [2], and
Text2SQL [3]. Text2SQL has supported non-domain work-
ers or employees to gain access to the databases by trans-
forming natural languages into Structured Query Language
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of SELECT, INSERT, UPDATE, DELETE, and many more.
To summarize, the NL2SQL task referred to converting nat-
ural languages to SELECT instructions to look up the data
in a database. This task could support many business and
customer service applications [4, 5].

There were many different methods to investigate this
topic. The first method was rule-based, the earliest method,
and did not require any neural network. This method cre-
ated rules to generate the SQL query based on sentence pat-
terns. For example, if the sentence contains words like “How
many,” there is a big chance that the SQL instruction will
include “COUNT”. The second method was sequence-to-
sequence (Seq2Seq), which used deep neural networks such
as encoder—decoder. The encoder part will convert the natu-
ral languages into a vector to translate the natural languages
into SQL instruction. Then, the decoder part will gener-
ate the SQL instruction based on the encoded vector. The
Seq2seq marks the first attempt to use a vector to learn the
semantic representation from natural languages. Finally, the
third method was Sequence-to-set (Seq2set), which used the
improved version of the encoder—decoder neural networks.
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Seq2set required a sketch of SQL instruction, highlighting
the components used in the instruction. Then, the Seq2set
would predict which component category is the most suit-
able and fill in the slot of the components.

All three methods have both advantages and disadvan-
tages. The rule-based method offered high accuracy if the
natural language sentence contained specific patterns that
easily met the conditions. If it were not the case, the accu-
racy would drop heavily. The Seq2seq method offered a new
path that used deep learning to cope with the translation
problem. However, an early encoder—decoder neural network
offered low performance and required additional modules to
improve the performance. The Seq2set changed the nature
of the encoder—decoder neural networks and evolved into a
different path. The path changes from direct translation to
classification to offer better performance. However, it has
difficulty when handling more complex SQL instructions
such as having extra components (“GROUP BY”, “HAV-
ING”, “ORDER BY”) or nested instructions. The current
Seq2set performs best with a simple sketch.

Although the NL2SQL research has much potential,
data annotation requires SQL-domain annotators, leading
to a small number of existing NL2SQL public datasets. The
WikiSQL [6] is a large-scale crowd-sourced NL2SQL data-
set consisting of 80,654 pairs of natural language questions
and SQL instructions. The WikiSQL dataset’s presentation
attracted the attention of researchers in the NLP fields and
produced many essential works. In WikiSQL, the questions
and SQL instructions are in English, and the SQL instructions
do not have any complex components as shown in Fig. 1.

This paper proposed a new mechanism called SV>-SQL.
The main focus of the proposed SV2-SQL is to translate a
sentence in the format of Chinese natural language to a SQL
instruction which can access the data from a database table.
Most previous studies took an English sentence as input
and translated it to a SQL, aiming to access the correspond-
ing data from a database. Different from previous studies,
this work takes a Chinese sentence as input. The proposed
SV2-SQL mainly consists of three models. Each model han-
dles different components in the SQL sketch. After predict-
ing the key components, each model will return a list of
results for using other models. This work also adapts the pre-
trained language model BERT intending to achieve decent

Table: CFLDraft
Pick # |CFL Team Player Position | College
Wilfrid Laurier

Question:

[How many CFL teams are from York CoHege?]

27 |Hamilton Tiger-Cats | C Heal DB
amilton Tiger-Cats | Connor Healy s

York SELECT COUNT CFL Team FROM
CFLDraft WHERE College = “York”

28 Calgary Stampeders | Anthony Forgone | O
29 Ottawa Renegades |L.P. Ladouceur (DT
30 [Toronto Argonauts |Frank Hoffman | DL York

California

Result:

Fig. 1 Data sample in WikiSQL dataset [6]

@ Springer

results when handling Chinese natural language queries. The
contributions of this work are itemized below.

(1) Multi-task mechanism. The proposed mechanism can
handle multiple tasks simultaneously. The aim is to
improve the model’s overall performance by leverag-
ing the learning information and features from the tasks
and sharing them between tasks.

(2) Schema information enhancement. The proposed mech-
anism employs a special token to enhance the semantic
representations further. This tactic also helps improve
the accuracy of the model’s prediction.

(3) Proposed an inference algorithm that allows the mod-
els to cooperate. The algorithm constructs the SQL
instruction based on the best possible outputs V-model
chooses from the SWSF-model and VE-model. The
proposed algorithm integrates two models and finally
generates the required SQL instruction.

(4) Replace the execution-guided decoding (EG) with
V-model to reduce memory space. The EG used the
beam-search method to exhaust the possible un-exe-
cutable SQL instructions, which increased the memory
cost. Unlike EG, the V-model computes the similar-
ity score of the components with the input query, and
the algorithm will choose the components based on
the similarity scores that are higher than the threshold
value. As a result, a smaller and more stable memory
space is required.

This mechanism also ensures that language localization
is possible and reduces monotonous tasks when applied to
business applications.

This paper organized the remaining sections as follows.
Section 2 reviews the related work and their methods to
tackle the challenges. Section 3 presents the problem state-
ments and assumptions. Section 4 presents the architecture
of the mechanism, including the networks of SWSF-model,
VE-model, and V-model, along with the algorithm. Section 5
presents the performance improvements of the proposed
mechanism against the previous studies. Finally, Section 6
presents the conclusions and future work.

2 Related work

Most early studies [13, 14] only handled the domain data-
bases and relied on rules-based algorithms to perform
the task. Later, the computer capabilities improved, and
NL2SQL researchers began to adapt deep neural net-
work technology and gained much attention from related
communities.
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The development of semantic representation learning
techniques has recently reached a new height. The new state-
of-art “Attention” technique [21] has semantic representation
learning capabilities better than any previous technique and
helps tremendously in this task. There were many pre-trained
language models, such as BERT [12], ELMo [19], GPT [20],
and more deep neural network models that used mentioned
pre-trained language models and achieved better results.
SQLova introduced the pre-trained model BERT [12],
achieving significant results, more robust effects, and better
performance. Some researchers used BERT as the Encoder
to obtain the semantic representations of the queries [10]. In
the RuleSQLova [27] study, the SQLova is improved further.
Researchers used techniques such as knowledge distillation
and fuzzy matching as rules to reduce the numeric column
selection errors and “Where” clause values errors, respec-
tively. Based on the semantic representations of the queries,
three variant models, Shallow-Layer, Decoder-Layer, and
NL2SQL-Layer, were proposed and achieved state-of-the-
art results. The structure of NL2SQL-Layer was similar to
SQLNet. The SQLova validated the effectiveness of dynamic
representation learning techniques in the Text2SQL task.
Researchers used BERT and proposed a simpler Text2SQL
model. It introduced the [XLS] to replace the [CLS] tag and
a new token [EMPTY] to represent the samples without
the “Where” clause [11]. The study also included a rank-
ing method for the column selection task using the Kull-
back—Leibler (KL) as an optimization function, improving
the column selection accuracy.

The WikiSQL [6] dataset contained 80,654 samples on
24,241 tables from Wikipedia. Each sample contained an
English natural language question and SQL instruction.
The early studies [15, 16] were based on the neural seman-
tic parsing approach, focusing on the direct translation
(Seq2seq) approach to streamline the process. They divided
the NL2SQL task into subtasks, which handle “select”
clauses and “where” clauses separately. Each part is handled
separately with different models.

In the Seq2SQL study [6], researchers considered the
NL2SQL task as a translation task that converted the query
into the SQL statement. The encoder—decoder framework
learned how to map the query and the SQL statement.
However, the Seq2SQL performance dropped when
tackled with conditional values in the “where” clause.
Xu et al. [2] proposed a sketch-based solution SQLNet,
which transformed the NL2SQL task into six subtasks.
These subtasks predicted and filled in the blue parts of the
sketch. The SQLNet used the Seq2set approach to divide
the NL2SQL task into six subtasks, each responsible for
predicting different components of the SQL instruction.
Among them, the conditional value prediction still used
the seq2seq method, while others adopted the classifica-
tion method.

Some researchers used the Seq2set method similar to the
SQLNet study, but it employed the “type” information of
each token in the query by a knowledge graph [7]. They also
divided the NL2SQL task into numerous subtasks, which
simplified the model encoders and reduced the original 12
encoders to 6 encoders, reducing the number of training
parameters. In the Coarse2Fine study [8], the Text2SQL
task is divided into two phases, first producing the interme-
diate presentation and then using the intermediate presenta-
tion to decode the “where” clause. In the MQAN study [9],
researchers recommended a multi-task question and answer
network structure that enabled jointly learning multi-task
representation using various attention mechanisms. Wang
et al. [17] proposed execution-guided decoding (EG), which
executed all the generated SQL instructions using the beam-
search function. The EG exhausted all the un-executable
SQL instruction candidates and kept the one that was exe-
cutable during the decoding phase. Other researchers pro-
posed a sequence-to-action method that used predefined
actions from a unique sketch to fill slot values [18]. Lately,
a few studies have tried to tackle cross-domain challenges,
including handling multiple tables. Some researchers pro-
posed an encoder that consists of multiple modules. Each
module learns different information representations such as
utterance, schema discrepancy, and latent schema linking
[24]. The study was evaluated on a new dataset called SparC
[25] that has introduced a cross-domain semantic parsing
challenge in which input queries require a long sequence of
questions similar to conversations. However, this study only
focuses on a single-domain database and does not handle
cross-domain challenges. Template infilling was a valuable
and pioneer approach in single-domain database. However,
it has limitations in handling complex SQL queries. There
has been a shift toward generation methods with the help of
larger pre-trained language models. In the SeaD [26] study,
researchers adopt a transformer-based seq2seq model with
a large-size pre-trained language model combined with
denoising and schema linking techniques to improve the
SQL translation.

Some of the studies mentioned above combined with the
EG algorithm could boost the performance of their models.
The boost varied depending on which approach the stud-
ies applied, and the bigger the beam size the EG algorithm
used, the more memory it cost. When handling the column
selection and its related function, previous studies consid-
ered each classification task an individual task, resulting in
the inability to find the relation between the column and
the function. The proposed mechanism SV>-SQL combines
two tasks into one. As a result, it can simply find the rela-
tion between the column and the function. This work also
proposes an algorithm that applies the deep-learning model
to filter out the components with low possibilities before
the execution of SQL instructions. The proposed algorithm
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replaces the EG algorithm and requires a stable memory
cost, as compared with EG algorithm (Table 1).

3 Assumption and problem statement

Assumes that there exists a database table T, ; = (F, V) con-
sisting of column set F and value set V, where F consists of
p columns and V consists of « rows of values. Let
F = {Fj|1 <Jj < p} denote the set of § columns, where F;

denotes the j-th column name in F. Let
V={v;lv;;,1 <i<a,1<j<p} denote the two-dimen-
sional set of values, where v, ; denote the value located in the
i-th row of the j-th column. Herein, it is noticed that the
values in the j-th column are said to be instances of column
J;-Itis assumed that the table contents would not be changed
quickly.

This paper aims to develop a text-to-SQL mechanism
SV2-SQL : O — S, where Q is a query in Chinese Nature
Language format and S is a SQL instruction. Mechanism
SV2-SQL is a framework consisting of many deep-learning
models which are trained based on the given query Q and T'.
Each model performs different tasks. Consider a set of x
queries Q = {Q,,... Q,|1 £ 0, < x}. For each query Q;,
there exists a correct answer which is the results obtained by
putting SQL instruction S, to table T, Toxp- LetY={Y,,...Y,}
denote the x correct answers what user expects to obtain by
the x correct SQL instruction S={S,,...S,}. Let
S= {31,. 3 } be the x SQL instructions generated by

mechanism SV>-SQL. Let ¥ = S(T, axp) = {Yl, ?X} denote

the results obtained by applying SQL instruction S to data-
base table 7, 4

Table 1 Comparison of the related works that focus on single-domain
challenge

Extra tech-
niques

Pretrained model
usage (BERT)

Related works EG algorithm

[6]
(71
(8]
[9]
[10]
[11]
[18]
[27]
Our

O X O O X X X X
OO OO0 O0OO0OO0O X
X O X OO X O X X

o

The pre-trained model usage refers to the pre-trained language model
for the encoder. The extra techniques column refers to the information
enhancement of the input, and the EG algorithm refers to the usage of
the EG algorithm
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Consider the query Q,. LetY; = {y, |, ...

labels of Q,. Let ¥, = {Ji1»---»¥;,) be the results obtained
from the outputs of mechanism SV2-SQL. In the follow-
ing, the confusion matrix will be used to measure the per-
formance of the mechanism SV2-SQL in terms of recall,
precision and F1-score. Let TPM be a Boolean valuable
representing whether or not the predlcted k-th element J,
isinY,. Thatis,

1
M _
TPi,k - { 0

Let TPiM denote the true positive result of a prediction z
and the label Y; corresponding to the query Q;. The value of
TPlM can be obtained according to Exp. (2):

Yin} denote the

ify,, €Y,
otherwise.

6]

M _ M
TPM =) TPM. )
k=1

Similarly, let FP{‘;l be a Boolean valuable representing
whether or not the k-th predicted element y;, is not in ¥;.
That is,

1
M _
FPi,k - { 0

Let FPM denote the false-negative result of a prediction
Y and the label ¥; corresponding to the query Q,. The value
of FPlM can be obtained according to Exp. (4):

if 371.’,{ gy
otherwise.

3

M M
FPM = 3 FP. 4)
k=1
Let FNM be a Boolean valuable representmg whether or
not the k- th label element y,, is not in Y. That s,

1 ify,e7Y
FNM = Lk
ik { 0  otherwise.

&)

Let FNM denote the false-negative result of a prediction
Y and the label Y, corresponding to the query Q;. The value
of FNIM can be obtained according to Exp. (6):

FNM = ) FNM. 6)
k=1

Let TPM, FPM, and FNM denote the true positive, false
positive, and false negative of the label ¥; and prediction ?l-
corresponding to the query Q;. The values of TPM, FPM and
FN can be derived by Exp. (7), (8), and (9):

TPM = ) TPM, )
i=1
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FPM = Z FPM, (8)

i=1

and FNM = ' FNM. 9)

i=1

Given a set of user queries x queries
0=1{0,,... 0,1 £ Q; < x},this paper aims to achieve high-
accuracy results from the generated x SQL instructions

S= {3‘1, §x} As mentioned before, ¥ = {/Yl, ?x} and
Y=1{y,,..

. Y, } denote the x query results and the x labels,
respectively. Let Pre™, Rec’ and F1™ denote the total preci-
sions, recalls and F'1-measure of mechanism SVZ-SQL, we
have,

M
w_ TP
Pre™ = TPM+4, FPM’ (10)
M
M _ TP
Rec™ = —TPM+,FNM’ (1D
M
FIM — 2 % (Pre™ x Rec ). (12)

PreM + Rec™

This paper aims to generate x SQL instructions from x input
queries to achieve the maximal value of the F'1-score. That is,
Objective:

marF1¥, (13)

where M denotes the set of all possible mechanisms.
4 Proposed mechanism

It is well known that a standard sketch for Select SQL instruc-
tion has the following format:

The tokens “Select” and “Where” represent the start-
ing clauses of a SQL instruction. The tokens marked in
blue color in Fig. 2 indicate the slots that will be filled
through proposed SV2-SQL mechanism. The token @Rel
represents the relation function between conditions in the
“Where” clause, and the relation function @ Rel consists of
[, “And”, “Or”], where the “” indicates that there is only
one condition and does not require any connection func-
tion. The @S_Col and @ W_Col represent the columns in

Select (@4gg @S _Col)*
Where @Rel (@W _Col @op @Value)'

Fig.2 SQL instruction sketch

the “Select” and “Where” clauses, respectively. The token
@Agg represents the aggregate function of selected col-
umns. The aggregation functions generally used in SQL
instruction are “Count”, “Sum”, “Average”, “Min”, and so
on. The token @op represents the operator in a condition
of the “Where” clause. The possible values of token @op
are the elements including “=", “<”, “>”, “|="and so
on. The token @ Value represents the value in the “Where”
clause. The ground-true values of token @ Value are the
contents in table T. The notation (x)* allows multiple
occurrences of x, where x could be the (@Agg@S_Col) in
“Select” clause or the (@ W_Col@op @ Value) in “Where”
clause.

This section presents the proposed mechanism. The
proposed mechanism called SV2-SQL, consists of three
Al models: The Select-Where Slot filling model (SWSF-
model), Value Extraction model (VE-model), and Verifica-
tion model (V-model). Figure 3 gives the network architec-
ture of the designed SV2-SQL. The goal of the proposed
SV2-SQL is to translate the user query into a semantically
equivalent SQL instruction such that the query results of
the SQL instruction can be the answer to the user query.
To achieve this, the first model plays the role of slot filling,
aiming to fill the column @S_Col and aggregate function
@Agg slots in the “Select” clause. As shown in Fig. 3,
the first model also fills the column @W_Col and opera-
tor @op slots in the “Where” clause. The second model
aims to extract the mentioned value @ Value from the user
query. The third model plays a role of evaluation, aiming
to verify the correctness of the extracted tokens from the
first and the second models. The following figure presents
the details of each model.

BERT is a fine-tuning based pre-trained bidirectional
transformers model that uses a multi-head attention
mechanism. The pre-trained BERT is trained using two
unsupervised tasks: Masked LM (MLM) and Next Sen-
tence Prediction (NSP). The goal of the Masked LM task
is to capture a deep bidirectional representation. As for
Next Sentence Prediction task, the goal is to capture the
relationship between two sentences.

Classroom

BERT Model ||

'VE-Model

V-Model

Fig.3 The framework in details

Course
Name

Course
D

Table Column :LI_
-

Question

Professor
Name

Columns $Agg

Professor Name

Course ID

=+ Course Name “COUNT™

Classroom

$Rel = “AND”

May I ask how many $Value : “E887”, “Zhang”

courses are taught by
Professor Zhang in
classroom E887?

Conditions: Classroom = “E887”
Professor Name = “Zhang”

@ Springer
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4.1 The select-where slot filling model
(SWSF-model)

The goal of the proposed mechanism is to translate it to SQL
instruction. The structure of SQL itself was well known and
pre-determined. This work assumes there is only one table in
the database. Therefore, the first model only needs to capture
the token’s semantic representations and fill in the slots of
the SQL sketch, including @Agg, @S_Col, @Rel, @W_Col,
as well as @Op from the user query. Figure 4 presents the
design of the SWSF-model, inputs, and outputs.

4.1.1 Input preprocessing

A SQL instruction is designed as the format of “select ...
where ...”. The SWSF-model aims to help understand more
semantics of the query instruction. First, whether or not the
selected column name in the query has the aggregation func-
tion. Second, what are the operations @op that should be
translated and put in the “Where” clause. To achieve this, the
formats of input and output are presented below. The input
sequence consists of a user query and the column names in
the table. In addition, the column names part also includes a
unique tag to represent the aggregate pieces of information
from the column names. That is, the format of the input:

“[CLS] Query [SEP] [COL] Column Names [SEP]”.

The query consists of n-th Chinese characters
0;=1q,, ... q,} while the column names include a set of
column names F; in the tables after tokenized by Wordpiece
Tokenizer. Each column name also consists of m-th Chi-
nese characters ¢; = {c,, ... F)| }. The concatenation, start-
ing with the [CLS], uses [SEP] token to separate the query
and the column names. The Column Names might consist
of more than one column name. The Column Names can be
decomposed to distinguish them in the following format.

[CLS] q1.45.93. ... q, [SEP] f1,1, f1,2, cees f1,|Fl| [SEP]

[SEP] f5 1. £33, -.r fy 5, [SEP.

May I ask how many courses
are taught by Professor Zhang
in classroom E887?

|

Columns $4gg | $op

Professor Name o

Course ID
—| Course Name “COUNT”

Course

Classroom =

Bert encoder

Professor
Name

—>]

» $Rel= “AND”

Course Classroom

D

Name

Fig.4 The SWSF-model and subtasks
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The BERT model applies the weights of Pretrained BERT
Whole Word Masking model [23] as the initial weights of
BERT.

4.1.2 The outputs of the SWSF-model tasks

As for the output, given a set of labels L; = {/,, ... lﬂ }, each
column name f; is mapped to label /; correspondingly. The
SWSF-model consists of three tasks: @Agg task, @op task,
@Rel task. Assume aggregation @Agg has a number of
classes including “None”, “Min”, “Max”, “Avg”, “Sum”,
and “Count”. The BERT model embeds the input token, then
creates the output, which is the hidden representation of the
input tokens. The hidden representation is used as an input
for the @Agg task. The @Agg task will verify if any class of
aggregation should be applied to the column name f;. For
example, as shown in Fig. 4, the query of input is “How
many courses are taught by Professor Zhang in E787 class-
room ?” that is translated into Chinese language. Assume
that there are a total of four column names. That is,

f; = (fi = “Professor Name”,

f> = “Course ID”, f; = “Course Name”,

4 = “Classroom”).

In this case. The aggregation function “Count” should
be applied to the third column f;= “Course Name”. This
indicates that the corresponding values of labels (/,, ..., ;)
should be (0, 0, e(*“Count”), 0), where e() is an encoding
function. Similar to @Agg task, assume the operations
@op consists of the following classes: “=", “<”, “>”,
“1=". The @op task will determine which class of opera-
tion @op should be labeled. Continue the example shown
in Fig. 4. The output label of the @op task should be
(, =“=",1,=0,13 =0,1; = “="). The @Rel task will be a
single-sentence classification.

4.1.3 BERT encoder and subtasks

The following represents a sequence of vectors, each of
which is the output encoded by BERT.

(HicuspHy,ps - an,H[SEP],HfH, ”"Hfl,m\’H[SEP]’

HiseppHy, o s Hy,  Hiser)

The output sequence mainly consists of two crucial parts,
including the query and headers of database tables. The user
query has been transformed into an embedded vector format
in the first part. That is, each H, @ denote the d-dimensional
semantic vector representing the embedded vector of each
word appearing in the query. The column names are also
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transformed into vector formats in the second part. That is,
each H, denote the embedded vector of a word token,

which is originally a token of the column name f,.

Figure 5 represents the procedure of the SWSF-model.
As shown in Fig. 5, the input of the SWSF-model contains
the query and the columns in Chinese. Then the tokenizer
automatically constructs three embedding layers, including
Token embedding, Segment embedding as well as Mask
embedding. The token embedding assigns a unique number
for each input word. This number plays the role of ID to
represent the original Chinese word as a unique number such
that the word can be recognized and processed in advance.
The segment embedding aims to assign each sentence with a
unique notation to distinguish the two sentences. The Mask
embedding aims to mark each input word with ‘E]M’ to rep-
resent the “actual word” or mark the word with ‘E(/)M’ to rep-
resent the “null” word. This implies that the later procedure
can pass the word marked with ‘E(/)M’.

According to study [21], each word token of the three
embeddings, including token, segment and mask embeddings,
will be sent as an input of the BERT encoder to be transferred
to a word vector. Let H, denote the vector of i-th word token
x;. The BERT encoder will perform the attention calculation

Fig.5 The structure and the

to capture the semantics representation between all possible
word token x; in the input query and column names. To capture
the semantics representation, the query g;, key k;, and value v;
will be generated for each word token x; based on its vector H .
Let weights w,, w; and w, be three different weights of v, The
query g, key kl and value v; will be generated by

q; = q x ’kl - kax,-’and v = WVVX," (14)

These weights can be learned based on matrix multiplica-
tions. Let O, K, V be the matrices with a d; dimension which
contains all g;, k; and v; of word token x;. Then the “Q, K,
V’ computations will firstly perform the single head attention
operation to get the score s; for each query g; to each trans-
posed key k;. A simple attention operation is presented as the
following equation:

= qik;, (15)
where 5, 5;; 1s the result of the single head attention of query
g;to each key k; for all possible word token x; in the inputs.
After the multiplication, each score § will perform the nor-
malization operation by applying the softmax(s ) function to
guarantee that each score ranges in [0, 1] and the sum of all
scores equals one. The output scores s;; are called attention

_____________________________________________

procedure of SWSF-model = ' I
2 S g q2 a3 G4 SEE %) e |
— o D R R I R I 1

RN SRR 2 TR 2N 2 TTTTY T TN TV
1 1
U 136 232 448 567 102 258 495 02
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1

Encoder
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v SELECT
@Agg task
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Token embedding

Segment embedding Mask embedding  N: Number of layers
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scores which is the result multiplied by the normalized score
and value v;. Then the new word vector of the word token
x; will be generated by referring to the value of each word
token using attention scores as their weights. Equation (15)
reflects the operations for generating the attention score s;:

’S‘i .
Sij = softmax| —= ). (16)
vy

The new vector H;‘?W of the word token x; is, therefore,
can be obtained by

H;iew = [si’lvl,...,si,jvj,...]. a7

This result can be performed in parallel, which is called
MultiHead(H,) as depicted in follows.

MultiHead (H;) = Concat(s; v,, S5V, .-.)- (18)

The result will be normalized to obtain the final vector
representation.
Assume Hﬂ] . s the final vector representation of a token

x; from the column name part of the sequence. In order to
train the output tasks, the representations Hfﬂp will pass

through a pooler layer to produce a single representation of
the column name Hfﬂ. The representation Hfﬁ is embedded in

the [COL] token. That is,
Hfﬂ = Pooler(Hﬂ” ’Hf};,z’ ’[{f}wil ) (19)

The output tasks @Agg and @ op are multi-label classifica-
tions based on the assumption that the table column names
are known. Therefore, the output tasks will perform a com-
bination of two subtasks: obtain the multi-label distribution
of column name, then the category of @Agg or @op corre-
sponding to that column name. Each output category cor-
responds to each column name of the data table. The @Agg
corresponds to @S_Col one by one, and the category is
fixed. Therefore, the set of labels is also the set of column
names representation Hfﬁ. Each representation Hfﬁ represents
a different classification task. The sigmoid function and the
softmax function are finally applied to the last layer using a
linear transformation to obtain the multi-label classes and
the subset classes distribution over the intent representation
Hfﬂ~ Equation (18) represents the probability calculation of

@S_Col and @Agg tasks:

P(S_Col) = Singid(W&Cole,,)’ (20)
P(4gg) = Softmax(W,g,H, ). @1

@ Springer

where both W,,, and Wy ¢, € R are the learning weight
parameters for “Select” column and aggregation classifi-
cation, respectively. The aggregation category includes an
empty string indicating that the column name is selected, but
not aggregated, along with other categories indicating that
the column is selected and aggregated.

Similar to @Agg task, the @op task also has an output
category corresponding @op to each “Where” column name
@W_Col. The set of labels is the same set of column names
representation Hcﬂ. Therefore, Eq. (19) represents the prob-

ability calculations of @ W_Col and @op tasks:

P(Wey) = Sigmoid(WWm He, ) (22)

P(op) = Softmax (WOPHC/} ) (23)

where W,,, and Wy, ¢, € R are learning weight parameters
for the “Where” column and operation classification, respec-
tively. The operation category also includes an empty string
indicating that the column is not selected. The remaining
categories represent the selected “Where” column and cor-
responding operators.

The final @Rel task is a multi-class classification task.
The task classifies the type of relation function, which
appears in the “Where” clause when there are more than
two “Where” columns are selected, or a single column is
selected multiple times. Unlike @Agg and @op tasks men-
tioned above, the @Rel task requires the [CLS] token rep-
resentation to be fed into the output layer for classification.
The following equation represents the probability calculation
of @Rel task,

P(Rel) = Softmax (W, Hcr)) (24)

where W, is the learning weight parameter for relation
classification.

The Cross-Entropy function was used to calculate the
distance between the output probabilities of each task and
ground-truth values. The loss function is the sum of cross-
entropy loss for each task @Agg, @op, @Rel.

Loss = Loss,,, + Loss,, + Loss,,

agg

N
1 ~ ~ ~
Loss,g, = N Zyaggl()g(yagg) +(1 _Yagg)k’g(l _yagg)’
T

N
1 ~ ~
LOSSop = _N zyoplog(yop) + (1 _yop)log(l _yop)a
1
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N
1 ~ ~
Lossrel = _N Zyrellog(yrel) + (1 _yrel)log(l _yrel)'
1
(25)

4.2 The value extraction model (VE-model)

The VE-model is shown in Fig. 6, which aims to extract the
information and fill the @value from the query.

According to the study [22], the input sequence requires a
pair of passage and a question. In this case, the column name
and input question play the role of question and passage,
respectively. This indicates that the answer (or label) should
be found in the input question.

Initially, the input sequence will be tokenized and trans-
formed into three embeddings: token embeddings, segment
embeddings, and mask embeddings. After passing through 12
layers of the BERT encoder, the vector representation of the
input sequence will be used to calculate the probabilities of
the start and end positions of the answer extracted from the
passage. The following represents the vector representation
of the input sequence. That is,

Hiers, Hy s ,an,H[SEp],I-Ifﬁ.l, ,Hfﬁw,H[SEp].

Fig.6 The learning procedure

Let H; denote the vector representation of the i-th token.
The output layer of the model will determine the probability
distributions of start and end positions for the answer span.
Equation (21) calculates the distribution of the start position:
P(Start) = Softmax(W H~).

start™ "1

(26)

The following equation calculates the distribution of the
end position, that is:

P(End) = Softmax(WendHi), @7

where W, W..q € R both are learning weight parameters
for start and end positions.

The loss function is the sum of cross-entropy losses for
start and end positions. Assume L is the maximum length of
the input sequence, which include both the passage and the
question parts after tokenized if the start and end positions
are s and e, respectively, where values of s and e are in [0, L].

The loss function is calculated as follows:

Loss = Loss,; + LosS. 4,

N
1 ~ A
Losssta.rl == N Z ystarllog (ystarl) + ( 1- ystan)log( 1- ysla.rt) s
1
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N
1 ~ ~
LOssend = _ﬁ Zyendlog(yend) + (1 _yend)log(l _yend)'
1
(28)

4.3 The verification model (V-model)

The final model aims to verify whether or not the combi-
nation of condition components in the “Where” condition
clause is related to the user input query. This model exhausts
the low possibilities of conditions and only keeps the con-
ditions with the highest possibilities. The input sequence
contains a pair of user input queries and a single condition
clause. That is, the format of the input sequence is:

“[CLS] Query [SEP] Condition [SEP]”

LetC = {C,,C,, C;, ..., C,} denote the condition clause
that consists of a column name, operation function, and
value. The format of the condition clause has a similar
structure to SQL instruction. Figure 7 shows the learning
procedure of the final model.

The input sequence will also be tokenized and trans-
formed into three embeddings, similar to the first and second

Fig. 7 The inputs, outputs, and

learning procedure of V-model = i
2 | . 01
CRE
i
1 136
= |
N ;
E | e ES
SO
B £’

Encoder

Output
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models. The vector representation which was generated after
the input sequence passed through many layers of the BERT
encoder as follows:

Hye s, Hy  Hy,s .. Hy Hisgp, He JH, ... . H, , Hispp).

The output layer of the model will calculate the semantic
textual similarity between the pair of input sentences and the
condition clause. Since this is a binary classification, the sig-
moid function was applied in the output layer. Equation (23)
represents the probability calculation of the output layer:

P(Similarity) = Sigmoid (W, H,), (29)
where W;,€ R is a learning weight parameter for the input

query and condition clause.
The loss function is just a single cross-entropy loss as
follows:

N
1 — —
Losssim = _N Zysimlog(ysim) + (1 _ysim)log(l _ysim)'
1
(30)

Mask embedding  N: Number of layers
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4.4 The inference procedure of the mechanism

To understand the complete picture of how the mechanism
works during the inference phase. Algorithm 1 shows the
detailed procedure.

Algorithm 1: inference procedure

Input: the i-th input query Q; = {q1, 92, q3, .- @n} ; column
names F; = {f, - fir,}
Output: SQL syntax
1: | Preprocess Q;, F;
2: | Feed Q; and F; into SWSF-model
@S_Col, @W_Col, @Agg, @op, @Rel =SWSF(Q;,
Fy)
Return a list L consisting of the results:

@S_Col

@W_Col

@Agg

@op

@Rel.
For each @W_Col in the list of @W _Col do {
4: | Feed Q; and @W _Col into VE-model
Return a list 7 consisting @Value
For each @Value in list V' do {

New @Value = processing(@Value)
Add new @Value to new list V'

Return post-processed list
5: | Combine results @W _Col, @op , @Value into
condition clause C;
For each @W _Col in list L do {

For each @op in list L do {

For each @Value in new list V' do {
C;=@W_Col + @op + @Value
Add C; to list C

Return list C
6: | Feed Q; and C; into V-model compute similarity.
# Results in range of Sim = [0,1]
For each C; e C do {

sim; = V-model(Q;, C;)
7: | # depend on the threshold value T
Foreach C; € Cdo {

C; = arg(mTaxsimi)
8: | sq/ = Combine @S_Col , @Agg , @Rel, C; into SQL
instruction.
9: | Results=Execute(sq/)
10: | Return Results and SQL instruction sq/

w

5 Experiments and analysis

The proposed mechanism is compared in the experiments
with the existing mechanisms SQLNet and SQLova. The
following describes the dataset used in the experiments and
the performance results.

5.1 Dataset and data augmentation

This research uses the TableQA [19] dataset, a Chinese
NL2SQL dataset created by Zhuiyi Technology. The
TableQA contains around 40,000 training samples, 5000
validation samples, and 10,000 test samples. Like WikiSQL,
each sample includes a table, a pair of Chinese Natural Lan-
guage question and the equivalent SQL query. This work
also includes two different augmented datasets. The first
augmented dataset contains around 90,000 samples, with
30,000 samples for each training, validation, and test dataset.
The second augmented dataset consists of 90,000 samples.

5.2 Training and inference results analysis

During the training phase, each model in the mechanism
SV2-SQL is trained separately. The SWSF-model uses the
original data from TableQA. The VE-model uses the first
augmented data, each sample’s format containing related
column and target value span, consisting of start and end
positions in the input query. The V-model also uses the sec-
ond augmented data, and the sample is in the sentence pair
format.

The VE-model generates a list containing many candidate
values based on the query. Each candidate value after post-
processing will be evaluated with the ground-truth label and
kept only the one with the highest score. Then, the experi-
ment calculates the average score for all the validation and
test datasets samples.

The SQLNet and SQLova methods achieved high per-
formance with the WikiSQL dataset consisting of only the
English natural language as input query. In comparison,
the SV2-SQL, SQLNet, and SQLova, are evaluated on the
TableQA dataset to compare the performance based on four
metrics including accuracy, precision, recall, and F-measure.
The evaluation is separated into two parts; the first compares
the performance of the methods on six tasks using the met-
rics, and the second compares the logical form and execution
performance with the same metrics. Figure 8 represents the
evaluation of the first part.

As shown in Fig. 8, the performance of the methods
started to drop on the @Value task. The TableQA data-
set has many challenges that may affect the overall per-
formance of the models, mainly related to the condition
clauses, such as condition columns or values. The perfor-
mances of existing methods SQLNet, SQLova, SQLova-
Rules on this dataset drop compared with the WikiSQL
dataset. A few cases in the TableQA dataset prove to be
a challenge. For example, samples containing a synonym
confuse the mechanism into selecting a different column,
and a wrong one will lead to selecting the wrong func-
tion to match that column. Other cases containing multi-
ple keywords which are highly similar also result in the

@ Springer
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Fig.8 Performance of four compared methods and a accuracy. b
Precision. ¢ Recall. d F-measure evaluations of the tasks. The nota-
tions @S_Col, @Agg, @W_Col, @Op, @Value, @Rel represent the

same mistakes. The input question contains no column-
related references but only the target values and may or
may not appear in many more complicated cases. The val-
ues, such as the numbers themselves, do not provide any
meaning, making it hard for previous models to predict
the relation between columns and values if they are not
referred to in the query. Values with long-length charac-
ters, such as the name of companies or organizations, will
also cause the models to be unable to predict the columns
or the values. The proposed SV2-SQL provides a way to
tackle these challenges with the pre-trained BERT model,
multi-tasking and column enhancement. BERT uses atten-
tion to focus on specific parts of the query, which helps

@ Springer

(d)

‘Select’ column, aggregation function, ‘Where’ column, Operation
function, value, and Relation function, respectively

tremendously but is not effective enough to tackle the
synonym challenge. The column enhancement can tackle
the challenge by using database content, which enhances
the representation of information in columns, leading to an
increased variation in column data. Finally, multi-tasking
allows models to process and utilize information from dif-
ferent inputs to the best potential.

Figure 9 compares the performance of the value extrac-
tion task of the SV2-SQL with other methods. The SV*-SQL
extracts the possible span of the target value. The target
value might contain sub-values which will require Algo-
rithm 1 to remove possible stopwords or punctuations and
leave only the top values k. As shown in Fig. 9, when the
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Fig.9 Performance of four compared methods and a accuracy. b Precision. ¢ Recall. d F-measure evaluations of the value extraction with top-k,

where k is the number of the possible values extracted

number of conditions increases, it is more difficult for mod-
els to predict the target values as there are more possible val-
ues in the input query. Figure 9c compares the performance
of methods in terms of value extraction rate. In a few cases,
SV2-SQL extracts the spans that may not contain a specific
value leading to the target value not being extracted, result-
ing in lower recall scores than others. However, most cases
that SV2-SQL predicted are correct and previous methods
have no technique to determine whether the extracted value
relates to the specific column, which leads to lower preci-
sion, as shown in Fig. 9b.

Figure 10 compares the SQL query’s logic form and
execution results. The performance of the logical form
is measured by the percentage of instances in which
every element of the predicted SQL is precisely accurate.

In contrast, the execution performance is based on the
percentage of cases that produce the same result as the
ground-truth SQL after execution. The threshold values
were set for the V-model to filter out the non-executable
SQL instruction candidates. The V-model will compute the
similarity score between the input query and the ‘“Where’
conditions combined from the first two models. The com-
binations with scores higher than the threshold value will
be used to construct the SQL instruction candidates. Then,
the SQL instruction candidates executed results will be
evaluated along with the ground-truth results. At a thresh-
old value of 0.5, the V-model seemed to include more pos-
sible combinations since some actual correct conditions
have a lower score than incorrect ones. However, V-model
will include unnecessary combinations when the threshold
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Fig. 10 Performance of four compared methods and a accuracy. b Recall. ¢ Precision. d F-measure evaluations of the SQL query’s logic form

and execution results

Table 2 Experiment results of

Methods @S-Col @Agg @W-Col @Op @Value @Rel Logicform Execution Mean
the methods SQLNet, SQLova,
SQLova-Rules, and SV>-SQL SQLnet 0909 0927 0702 0857 0428 0903 0.305 0.341 0.671
on TableQA dataset SQLova 0951 0971 0784 0921 0434 0949 0.425 0.491 0.740
SQLova-Rules 0.971 0988 0.834 0972 0496  0.958 0475 0.541 0.779
SV2-SQL 0.963 0983 0900 0976 0.807 0.964 0.703 0.749 0.883

value is lower than 0.5, leading to performance drops. The
differences in results between 0.7 and 0.8 threshold values
are minimal. Previous methods have no technique to deter-
mine whether the conditions are actually relevant.

Table 2 shows the overall accuracy of all tasks. The num-
bers in bold highlight the highest result compared to other
results in each column. There are tasks that all methods can
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predict without any problems, especially the aggregation @
Agg, operation @Op and relation @Rel functions, which
can achieve around 90% accuracy and the same as the col-
umn selection @S_Col in the ‘Select’ clause. The proposed
SV2-SQL has slightly different accuracy, with around 0.1%
up to 0.5% compared to SQLnet and SQLova, but slightly
lower than SQLova-Rules. Besides the mentioned tasks,
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Tablg 3 The results of the SV2-SQL Test dataset

ablation study
SWSF-model VE-model V-model Logic form (%) Execution (%)
BERT-base BERT-base BERT-base 0.683 0.708
BERT-base BERT-BiLSTM-CRF [28] BERT-base 0.695 0.734
BERT-base BERT-pointer [29] BERT-base 0.727 0.752
BERT-wwm BERT-wwm- BERT-wwm 0.703 0.749
BERT-wwm BERT-wwm BiLSTM-CRF BERT-wwm 0.715 0.765
BERT-wwm BERT-wwm-pointer BERT-wwm 0.739 0.787

SQLnet, SQLova, and SQLova-Rules have performance
drops to 42%, 43%, and 31% accuracies when predicting
the columns and values in the ‘Where’ clause. The SV2-SQL
can achieve 90% and 80% accuracies in @W_Col and @
Op tasks, respectively, surpassing SQLnet, SQLova and
SQLova-Rules methods. The average performance of the
proposed SV2-SQL is 88.3%.

Table 3 represents the results of the ablation study. The
ablation study is conducted to evaluate the performance of
the proposed method. The evaluation includes changing the
pre-trained language model BERT and BERT-wwm, which
was trained with different tokenization methods. The VE-
model includes additional layers of neural networks such
as Bidirectional Long Short-Term Memory (BiLSTM) and
Conditional Random Fields (CRFs), which increase the
overall accuracy of logical form and execution. The accu-
racy is increased further when combined with the pointer
network. This also increase overall logic form and execution
accuracies.

Figure 11 represents a few highlighted cases the proposed
SV2-SQL failed to predict. For example, the columns mis-
matched errors often happen due to high similarity between
column names in the database schema or due to ambigui-
ties in language or differences in terminology between users
and the database schema. Natural language queries some-
times involve long, complex named entities, such as product
names, locations, or people’s names. The basic VE-model

Error type:
Input:

Fig. 11 Examples of case analy-
sis from TableQA dataset

may not accurately extract these entities, leading to failed or
incomplete query translations. However, when combining
the VE-model with additional layers or pointer networks,
the errors are reduced. A typical case that can happen is the
wrong operator selection error because users may have many
ways to ask a similar question using synonyms or paraphras-
ing. In the English translation, the words are the same, but
in the Chinese Language, the query includes two different
ways to express the meaning of the “more than” word, such
as “larger than”. This causes the proposed SV2-SQL to mis-
interpret operator intent in natural language queries.

6 Conclusion

This work presents the mechanism for a single-table Chinese
Natural Language to SQL instruction tasks. With the combi-
nation of multi-class and multi-label tasks, the models and
the implementation of a pre-trained language model such
as BERT to help capture semantic information can improve
the overall performance. This work includes a proposed
inference algorithm that the models can work together. The
proposed mechanism SV2-SQL helps make an application
for business class data management. The evaluations reveal
that the proposed mechanism performs better than existing
precision, accuracy, and recall methods.

Columns mismatched

FIARREE, UFAZLELI0, REMBFNRFETMIThEBTI089FLKATE?

English translation: Could you please tell me how many companies have a P/E ratio of over 10 in 2011, and the P/E ratio in
2012 and 2013 is also expected to exceed 10?7

Prediction:
Ground-truth:

SELECT COUNT(4:8]) WHERE EPS2011 > '10" AND EPS2012E = '10" AND EPS2013E > '10°
SELECT COUNT(4+8]) WHERE PE2011 > '10" AND PE2012E > '10' AND PE2013E > '10°

Error type:
Input:

Failed to extract long name entity
BLENFEERDFRERITEMNKE T LFE

English translation: Guo Wenjun's China Spallation Neutron Source successfully won several prizes for its first target-shooting

Prediction:
Ground-truth:

SELECT %1 WHERE {£f& = '"hEHHP TR
SELECT %1 WHERE {£f& = '"fESH P FRERITRMY AND {£F = '$30F"

AND & = '5I3CE'

Error type:
Input:

Wrong operator selection

IR, REFFHRBLDZNE=TRREMU LN, SHAPHRATFHBEMTLESE

English translation: Brother, can you tell me the names of those movies whose average ticket price is more than 35 yuan, or
whose average number of screenings per capita is more than 87

Prediction:
Ground-truth:

SELECT & H £%7 WHERE FE1JZ=4} = '35' OR Af9iHK = '®
SELECT & H £ %7 WHERE =4} > '35' OR AfiHk = '®
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