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ABSTRACT

EFFECTIVE AND EXPLAINABLE MECHANISMS FOR
NATURAL LANGUAGE INTERFACE IN DATABASES

Akifhan Karakayalı

M.S. in Computer Engineering

Advisor: Özgür Ulusoy

September 2021

Structured Query Language (SQL) is a commonly used tool to extract and present

structured data stored in Relational Database Management Systems (RDBMSs),

yet inherited complexities of SQL create barriers for naive users who are capable

of expressing queries as natural language queries (NLQs). In order to tackle

this barrier we propose two different solutions; a Natural Language Interface

to Database (NLIDB) pipeline with an explainable AI interface and a semantic

search strategy. The first solution introduces a NLIDB pipeline that uses SQL

translation algorithms along with a keyword mapper to generate SQL queries for

given NLQs. Proposed pipeline is presented to the user with an explainable AI

interface so that the user can reason over the constructed query. We compared our

approach with two state-of-art systems; NALIR+ and Pipeline+. Our approach

surpass NALIR+ in imdb, scholar and yelp datasets achieving 88.9%, 100% and

60.0% translation accuracy for single table SELECT-JOIN queries and 68.6%,

87.0% and 83.6% translation accuracy for multiple table SELECT-JOIN queries,

respectively. Our approach outperforms Pipeline+ in imdb and scholar datasets

but Pipeline+ is slightly better in yelp dataset. The second solution proposes

a semantic search approach that uses Information Retrieval based methods to

retrieve related table rows for a given NLQ. The proposed approach uses the

graph representation of the database where each row and value is represented

with a node and edges represent the relation between them. Query and database

rows are converted to vector representations using this graph representation and

Graph Convolutional Networks (GCNs). A similarity calculation is performed

using these vector representations and database rows are ranked according to

their relevance to the query. Cosine distance metric is employed for similarity

calculation. We tested our approach with college schema from Spider dataset

collection and achieved a 42.8% top-5 accuracy.
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ÖZET

VERİTABANLARINDA DOĞAL DİL ARAYÜZÜ İÇİN
ETKİLİ VE AÇIKLANABİLİR MEKANİZMALAR

Akifhan Karakayalı

Bilgisayar Mühendisliği, Yüksek Lisans

Tez Danışmanı: Özgür Ulusoy

Eylül 2021

Yapılandırılmış Sorgu Dili (SQL) İlişkisel Veritabanı Yönetim Sistemlerinde

yapısal şekilde depolanan veriye erişmek ve görüntülemek için sıkça kullanılan

bir araçtır, ancak SQL’in temelinde var olan karmaşıklıklar, sorgularını doğal dil

sorgusu olarak ifade edebilen sıradan kullanıcılar için engeller oluşturmaktadır.

Biz bu engelleri aşmak için iki farklı çözüm öneriyoruz; açıklanabilir yapay zeka

arayüzüne sahip bir Veritabanına Doğal Dil Arayüzü (NLIDB) boru hattı ve an-

lamsal arama stratejisi. İlk çözüm verilen doğal dil sorgusu SQL’e çevirmek için

bir anahtar kelime eşleyici ile beraber SQL çevirme algoritmaları kullanan bir

NLIDB boru hattı sunmaktadır. Önerilen boru hattı kullanıcıya açıklanabilir

yapay zeka arayüzü ile sunulmakta, böylece kullanıcı, oluşturulan sorguyu an-

lamlandırabilmektedir. Yaklaşımımız iki son teknoloji sistemle karşılaştırılmıştır;

NALIR+ ve Pipeline+. Yaklaşımımız imdb, scholar ve yelp veri kümelerinde

sırasıyla tek tablo içeren SELECT-JOIN sorguları için %88.9, %100 ve %60.0

ve çoklu tablo içeren SELECT-JOIN sorguları için %68.6, %87.0 and %83.6

çeviri doğruluğuna erişerek NALIR+’yı geride bırakmaktadır. Yaklaşımımız

imdb ve scholar veri kümesinde Pipeline+’dan daha iyi fakat Pipeline+ yelp veri

kümesinde biraz daha iyi bir performans göstermektedir. İkinci çözüm bilgi çekme

tabanlı yöntemler kullarak verilen sorgu için alakalı olan veritabanı satırlarını

çeken bir anlamsal arama yaklaşımı önermektedir. Önerilen yaklaşım, her bir satır

ve değerin düğümlerle, bu satır ve değerler arasındaki ilişkinin de kenarlarla tem-

sil edildiği bir çizge kullanmaktadır. Sorgu ve veritabanı satırları Çizge Evrişimsel

Ağlar kullanılarak vektör temsillerine dönüştürülmektedir. Bu vektör temsilleri

üzerinde bir benzerlik hesaplaması gerçekleştirilmekte ve veritabanı satırları sorgu

ile alakalarına göre sıralanmaktadır. Bu benzerlik hesaplaması için kosinüs ben-

zerliği kullanılmıştır. Yaklaşımımız Spider veri kümesinden college şeması ile test

edilmiştir ve %42.8 ilk-5 doğruluğu elde edilmiştir.
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Chapter 1

Introduction

Relational Database Management Systems (RDBMSs) are the most popular stor-

age infrastructures for storing structured and processed data. For extraction and

presentation of this stored data Structured Query Language (SQL) is used as a

common tool. However, using SQL inherently includes some complexities; such

as syntax knowledge and underlying schema knowledge. These complexities cre-

ate barriers for naive users who are capable of expressing the query in natural

language but cannot construct the actual SQL query. To tackle this problem

Natural Language Interface to Database (NLIDB) systems are proposed.

While there exist some recent works translating natural language queries to

NoSQL for document based databases such as MongoDB [1], most of the existing

researches focus on query translation to SQL for relational database systems.

Among these researches there are pipeline based approaches [2, 3, 4, 5] and end-

to-end approaches [6, 7, 8, 9, 10] using different techniques to overcome different

translation challenges. Among the two, pipeline based approaches are favored

over end-to-end approaches since the latter one contains numerous challenges

such as inadequate performance, huge dataset need, complex deep learning models

and long training time. Machine learning and deep learning systems are largely

utilized in pipeline based approaches.
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Deep learning systems have been implemented as a solution to various com-

plex problems, such as image recognition [11], image detection [12], semantic role

labelling (SRL) [13], and language translation [14]. Their data driven approach

eases the process of tackling the complexities of the problems. As long as you

gather the required data, you can build up a deep learning architecture which can

separate a wolf from a dog. Or can you? Latest studies show that what and how

a deep learning architecture learns is an important factor to evaluate its perfor-

mance on real world situations. A neural network that is trained to differentiate

dogs from wolfs might end up making predictions based on the background [15].

Their black-box nature raises the need for interpretability of its prediction.

Interpretability of the prediction can be very challenging if an architecture does

not provide a rational reasoning for its prediction. Reasoning is highly significant

for a human readable interpretability between the user and architecture. This

reasoning must be relatable to user, connecting the prediction with contextual

information and reflecting the thinking of user [16]. In other words, architecture

must ”explain” its prediction so that user can evaluate and decide whether it is

an interpretable prediction or not.

Performing a semantic search over a database is another approach for produc-

ing a response to a given natural language query. Semantic search uses Infor-

mation Retrieval (IR) based methodologies to retrieve related rows for a query.

Database rows are associated with a vector representation and when a query is

issued, a similarity calculation is performed between the rows and the query to

score the relevance of the rows to the given query. Most related rows are presented

to the user as a response.

The main contributions in this thesis can be summarized as follows:

• A NLIDB pipeline: We built up a complete NLIDB pipeline utilizing a

keyword mapper and SQL generation algorithms to output a SQL query

that can be issued on the database.

• Explanaible AI interface: We provided an explainable AI interface
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through a web application. The application is developed using flask mi-

cro web framework and it utilizes multiple javascript libraries. The inter-

face presents the outputs of the keyword mapper, provides explanations for

those mappings, presents the graph representation of database schema and

predicted join path for given query, and displays the SQL query output of

NLIDB pipeline.

• Semantic Search approach: We proposed a semantic search approach

that converts database rows and natural language query (NLQ) to vector

representations by utilizing Graph Convolutional Networks (GCN), ranks

database rows according to a relevance score, and retrieves the most relevant

rows for the given query.

The rest of the thesis is organized as follows. Chapter 2 gives a background

about the aforementioned topics. Chapter 3 presents the proposed approaches for

NLIDB pipeline and explainable AI interface. Chapter 4 describes our semantic

search approach. Performance of our proposed approaches is evaluated in Chapter

5. Chapter 6 concludes the thesis.
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Chapter 2

Related Work

The work presented in this section extends over three different topics; natural

language interface for database (NLIDB) systems, explainable AI, and semantic

search on relational databases. A brief discussion of the related work performed

on each of these topics is provided in each of the following subsections.

2.1 Natural Language Interface to Database

(NLIDB) Systems

NLIDB systems is a long studied topic in research community. Early approaches

on these systems were based on keyword search where keywords in a natural

language query is identified, and the corresponding records are detected through

lookups. More recent studies use parsers to identify possible keywords and hints

in natural language queries to generate query sketches. Along with the advances

in machine learning and deep learning, data driven translation approaches have

emerged.

Yavuz et al. [17] use a process called candidate generation to create keyword

mappings. First, they create all the n-grams from the question. Then, using each

4



n-gram they query each column of the given table to find the matches. Finally

they create a mapping set for each column and n-gram match. This approach

contains multiple weaknesses. First of all, it is a brute force approach and it

is time consuming with long questions. The number of n-grams increases with

the number of tokens in the question. Furthermore, in WikiSQL dataset every

question is linked to a single table, hence there is only one table used for keyword

search. However, almost all relational databases contain multiple tables and

numerous columns, and querying each n-gram with all columns is not feasible.

Seq2SQL [7] uses Bi-LSTM to encode a sequence that contains columns of

the related table, SQL keywords and question. It outputs three different com-

ponents; aggregation classifier, select column pointer, and where clause. One of

the problems with this approach is that there is only one output for the select

column pointer. In most of the cases, multiple columns are required to answer

a question. Furthermore, authors’ work only focuses on value mapping ignoring

table and attribute mapping.

SQLNet [8] defines a seq-to-set approach to eliminate reinforcement learning

process of Seq2SQL. Network outputs a score for each column, and a thresholding

is applied to decide which columns will be in the where clause set. The output

structure of SQLNet is similar to Seq2SQL and it contains the same weaknesses.

Furthermore, the works in both papers use WikiSQL dataset, therefore each

question is linked to a single table. Such a setting is not a feasible solution for

most of the relational databases.

Baik, Jagadish and Li [18] add a ”Keyword Mapper” to the NLIDB pipeline

to improve keyword mapping performance. It uses a similarity model, such as

word2vec to calculate similarities between keywords and database elements, then

maps them based on that similarity. It also utilizes the query logs to increase

the performance. The mapper expects multiple preliminaries including parsed

keywords and associated metadata with each keyword. It requires NLIDB to

parse the keywords that may contain multiple words, which is one of the major

challenges for keyword mapping. Therefore, the mapper cannot be plugged into

NLIDB pipelines, so that does not perform detailed keyword recognition and
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parsing.

SQLizer [5] uses a semantic parser to extract a query sketch from the natural

language query, and iteratively repairs the sketch until a confidence threshold

is met. Output of the semantic parser includes mapped hints from the natural

language query words as n-grams. This mapping is not a complete mapping;

database elements are not included in the initial sketch, therefore mapping in-

cludes only natural language query tokens. Mapping is updated in each iteration

and completed at the end.

2.2 Explainable AI

Reasoning of decision made by deep learning models has been one of the most

popular research discussions in artificial intelligence (AI) community. Due to

its black-box nature, the question of what makes the model predict a particular

result remained an unanswered question for a long time. To solve this remedy,

many researches that use various approaches (back-propagation, perturbation,

local approximation, etc.) have been carried out.

Earliest researches focus on how to fool a neural network by exploiting the ac-

tivation information of network nodes. The work presented in [19] examines how

a convolutional neural network extracts features from images to classify them,

and adds small amount of distortions on images which causes the missclassifica-

tion of image. The study reveals that although distortions are small and visually

hard to distinguish, they manage to fool a neural network for classification of the

image. Another study carried by Goodfellow et al. [20] reveals that adversarial

examples generated using cheap algorithms are capable of fooling multiple neural

network architectures. The authors state that vulnerability of neural networks

to adversarial examples is a result of their linear nature, and the former expla-

nations based on nonlinearity and overfitting are incorrect. Based on this fact,

it is claimed that generating adversarial examples is a fast and simple process,

and including these adversarial examples during training of neural network can
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improve its performance by regularizing the network.

The work in [21] constructs an approach for describing the importance of

certain tokens on output of an LSTM classifier. The authors search for phrases

that are making high amount of contributions in classification of the text to

its class by calculating importance scores for phrases. Using these importance

scores, they extract phrase patterns which are constantly important for the LSTM

architecture. With the help of there phrase patterns they try to create rule based

classifiers which estimates the prediction of the LSTM classifier.

A general erasing methodology is proposed in [22] to observe the effects of

erasing some pieces of representation on decision of neural network model. It

is stated that, important representations can be detected through analyzing the

harm caused by erasing a piece and similarly inappropriate attention can be

detected through analyzing the benefits of an erasure and used as a form of error

analysis. The erasure of a piece can be performed in multiple ways including

input vector representation and hidden or intermediate level representation. A

similar study carried by Zeiler et al. focuses on extracting strongest feature maps

and pixels which plays a significant role on the classification of a given image

[23]. They replace a portion of the image with a grey patch and observe the

variation in prediction of model. When patch covers a significant image area, the

prediction varies drastically.

LIME [15] provides explanations for single predictions to tackle the ”trusting

a prediction” problem. It tries to construct a locally faithful explanation for the

black-box model by taking local samples close to the given instance and weighing

them by the proximity to the instance. One of the most important features of the

LIME is that it does not need to know the model function that is being explained.

It uses the model as a black-box and only retrieves predictions for the samples it

generated. Therefore the explanation can be constructed for any type of classifier.

However there exists some limits to the faithfulness of the explanation. If the

black-box model is highly non-linear even locally the constructed explanation

would not be powerful enough.
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2.3 Semantic Search on Relational Databases

There are numerous researches that focus on vector representations (embeddings)

of table rows. While some of these works produce answers to natural language

queries with the information gathered from a table, other works try to produce

natural language expressions to table rows. Early researches represent tables

with knowledge graphs or hand crafted features, whereas later works use ma-

chine learning techniques such as encoder-decoder networks to produce vector

representations.

Pasupat and Liang [24] propose a logical-form driven parsing algorithm which

converts a natural language query into candidate logical forms and ranks them

together with the source tables knowledge graph encoding. The ranking process

uses a log-linear model, and the logical form with the highest ranking is exe-

cuted to retrieve the answer. A feature vector that contains the knowledge from

the knowledge graph, question and logical form is used as an input to the log-

linear model. This feature vector contains phrase-predicate, missing-predicate,

denotation, phrase-denotation, and headword-denotation.

Zhang and Balog [25] introduce a framework that converts tables and queries

into semantic vectors and computes similarities between those vectors. First, they

represent the contents of the tables and queries as a set of terms. After that each

term is mapped to a semantic vector representation. Finally, a semantic similarity

score is computed using the vector representations. For similarity computation

they propose two different strategies, namely early and late fusion, and generate

four different (early, late-max, late-sum, late-avg) measures. They rank the tables

according to the relevance scores between the tables and the given query.

The main problem studied in Table-to-Text [26] approach is conversion of a

table row to a natural language description. The core of the approach contains

an encoder-decoder framework. Encoder network tries to represent each row as

a continuous vector and decoder network employs a strong copying mechanism
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that retrieves rare words from table cells, columns and captions. Encoder net-

work takes cell embeddings and attribute embeddings as input and outputs a

representation for each row. Encoding is then feeded to the decoder network

and a natural language description is generated. Attention mechanism is used to

improve the description result.

TaPas [27] is a weakly-supervised question answering model which reasons over

tables without logical form (some kind of relational algebra representation) gen-

eration. It utilizes a pre-training phase with a huge number of tables and related

text segments which is a crucial step. It gets the query and flattened table as

a sequence input, and outputs a subset of table cells and a possible aggrega-

tion operation which it can learn from natural language query. It implements

an extended BERT architecture with additional embeddings that capture table

structures.

TaBert [28] is an approach that jointly learns and represents NL text and semi-

structured tabular data. It creates a vector representation for NL tokens and

table columns. The most important feature of the approach is content snapshot

proposal. TaBert tries to encode the most relevant subset of the table to cope

with large tables with high number of rows. They also use a vertical attention

mechanism to improve its performance. The authors claim that TaBert can be

plugged into neural semantic parsers as a general purpose encoder to compute

vector representations.

TURL [29] is a framework for learning contextualized representations on re-

lational tables that utilizes an unsupervised pre-training and task-specific fine

tuning. The authors introduce two main challenges which are relational table en-

coding and factual knowledge modelling. To tackle the first challenge they encode

information from different table components (table caption, table headers, topic

entity, table cells) into separate embeddings and then fuse them together. After

fusing, they employ a structure-aware Transformer [30]. To overcome the second

challenge, they learn embeddings for each entity in the pre-training phase, and

model the relation between entities in the same row or column. As the last step,

they propose a Masked Entity Recovery technique, which randomly masks out

9



some of the entities in the table and tries to recover them by utilizing information

that comes from other entities.

GraPPa [31] induces a synchronous context-free grammar (SCFG) specific to

mapping natural language to SQL queries. Then, using this grammar it generates

synthetic natural language queries (data augmentation) and uses these queries in

training. They prevent the possible overfitting caused by generated queries by

including masked-language modeling loss. GraPPa utilizes a language model pre-

training before applying end task training. The output of the end task is called

SSP (SQL semantic prediction). The task is described as predicting whether a

column appears in the SQL query and what operation is triggered on that column

(SELECT, GROUP BY, WHERE, etc.).

10



Chapter 3

NLIDB Pipeline and Explainable

AI in NLIDB Systems

An overview of the architecture that we use for translating natural language

queries to SQL is provided in Figure 3.1. The figure depicts the translation

pipeline along with explanation components to support decisions made. The

workflow starts with an input query from the user. The query first goes through

a pre-processing stage which removes special characters and punctuations such

as commas, single quotes, double quotes, and tokenizes the query into words.

These tokens are then converted to 300-dimensional vector representations using

a pre-trained word embedding model. In our architecture, we used a pre-trained

fast-text [32] model. The output of the embedding model [X1, X2, ..., Xn] is an

array of 300-dimensional vectors where n is the length of the query (the number

of input tokens). Each 300-dimensional vector is a representation of each word in

the original query. After that, these vector representations are fed as the input

to the DBTagger model [33], which outputs corresponding schema tags for each

token in the query for further translation steps. DBTagger is inspired from deep

neural architectures utilized for similar sequence tagging problems in NLP field

such as POS tagging and NER.

As mentioned earlier in Section 2.2, we used LIME [15] to explain output

11



Figure 3.1: Flowchart of NLIDB Pipeline
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schema tags of our DBTagger model. LIME requires a black box model which

can output prediction probabilities and raw input text for explanation. To satisfy

these conditions, we constructed a DBTagger Model Blackbox which takes the

raw text as input and gives predictions with probabilities as output. We needed

another modification for LIME to explain our tags. Original LIME assumes that

given black box model classifies the whole input text and tries to explain that

classification, however it is not the case in our problem since our model is a

sequence tagger and predicts a class for each word. To overcome this issue, we

implemented a wrapper for LIME which is explained in section 3.3. This wrapper

takes DBTagger Model Blackbox, raw text input and predicted output tags to

produce an explanation using LIME.

In the following subsections, we first explain the logic behind deep sequence

architectures for sequential input data and state our modifications on those state-

of-the-art models to better reflect keyword mapping problem for NLIDB systems.

We then provide our algorithms to generate SQL translation given the schema

tags output by the DBTagger model. For schema outputs, we implemented a

LIME wrapper to explain the reasoning behind the decisions made by DBTagger,

which is given in the last subsection.

3.1 Mapping Scheme

3.1.1 POS Tags

In our problem formulation every natural language query token (words) associates

three different tags; part-of-speech (POS) tag, type tag and schema tag. To optain

the POS tags of our natural language queries we used toolkit of Stanford Natural

Language Processing Group named Stanford CoreNLP [34]. Although POS tags

of all words are not correct, the output of the tagger is sufficient for our purposes.

13



NLQ
Type
Tag

Schema
Tag

Who O O
is O O

the O O
director TABLE director

of O O
the O O

series TABLE tv series
House VALUE tv series.title

of VALUE tv series.title
Cards VALUE tv series.title

produced TABLEREF copyright
by O O

Netflix VALUE company.name

Table 3.1: Predictions of DBTagger architecture for the given query

3.1.2 Type Tags

Every natural language query contains keywords which can be mapped to

database entities. We separated this keyword mapping to two levels; type tagging

and schema tagging. Type tags represent the type of the mapped entity in the

SQL query. In total we have seven different type tags:

• TABLE: Natural language queries contain some nouns which are direct

references to the tables in the schema, and we tag such nouns with TABLE

tag. In the example at Table 3.1 nouns ’director’ and ’series’ are tagged

with TABLE tag since they refer to the tables ’director’ and ’tv series’

respectively in the SQL query.

• TABLEREF: Although the primary source for table references are nouns,

some verbs contain references to the tables most of which are transition

tables. TABLEREF tag is used to identify such verbs. In the example the

verb ’produced’ is tagged with this tag since it is a verb and refers to the

table ’copyright’ in the SQL query.
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• ATTR: In SQL queries attributes are mostly used in SELECT, WHERE

and GROUP BY clauses. Natural language queries may contain nouns

that can be mapped to those attributes. We use ATTR tag for tagging

such nouns in the natural language queries.

• ATTRREF: Like TABLEREF tag, ATTRREF tag is used to tag the verbs

in the natural language query that can be mapped to the attributes in the

SQL query.

• VALUE: In natural language queries there numerous n-grams used as filter

criteria in the WHERE clause of SQL. Mapping of those n-grams is impor-

tant for generation of SQL statement. We used VALUE tag for tagging

those n-grams. In our design we assign a tag for each word, therefore we

tagged each word of such n-grams with VALUE tag.

• COND: This tag is used to distinguish the keywords which contain clues

about the logical operators (’<’, ’>’, ’<>’, ’=’ etc.) used in the WHERE

clause of SQL query.

• O (OTHER): We tagged the remaining tokens in query with ’O’ tag.

3.1.3 Schema Tag

Schema tags of keywords represent the database entity that keyword is referring;

name of a table, or attribute. Tagging a keyword with a type tag is important yet

incomplete. To find the exact entity keyword refers to, we defined a second level

tagging where the output is the name of the tables or attributes. Originally two

level tagging is not necessary for tagging tables and conditions since it is possible

to create a uniqueness on single level. However, it is not possible to create the

same uniqueness for values and attribute entities.
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3.2 Translation Algorithms

ExtractGraph (D)
Inputs : Relational database D

Outputs: Graph model of database dbGraph

dbGraph← Graph();

foreach table ti ∈ D do
dbGraph.addNode(ti)

foreach column ci ∈ ti do

if si /∈ dbGraph then
dbGraph.addNode(ci)

dbGraph.addEdge(ti, ci)

end

end

return dbGraph;
Algorithm 1: Conversion of database schema to graph

SQL extraction uses simple yet effective algorithms to construct a translation

query given a set of schema tags output by DBTagger. We use the tag outputs

and the input query in the algorithms. There are three different algorithms

responsible for SQL query translations, which are Schema Graph Extraction,

Join Path Generation, Where Clause Completion.
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ExtractJoinRelation (G, T )
Input : Database Graph G and list of tables T

Output: Graph paths that contains SQL join information

joinPath← ∅;
candidate← null;

foreach table ti ∈ T do

foreach table tj ∈ T do

if ti 6= tj then
paths← findShortestPaths(G, ti, tj)

foreach path p ∈ paths do

if T ⊆ p then

returnPaths.append(p);

return returnPaths;

else

missingTables← T \ p;

if candidate == null then

candidate← (p,missingTables);

else
if length(missingTables) < length(candidate1)

then

candidate← (p,missingTables);

end

end

end

returnPaths.append(candidate0);

foreach table t ∈ candidate1 do

paths← findShortestPaths(G, candidate00, t);

foreach path ∈ paths do

listReduced← False;

foreach table t2 ∈ candidate1 do

if t2 6= t ∧ t2 ∈ path then

candidate1.remove(t2);

listReduced← True;

end

if listReduced then

returnPaths.append(path);

end

end

return returnPaths;
Algorithm 2: Extraction of SQL JOIN relations
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For graph extraction we preferred a simple representation where tables and

columns are considered as nodes of the graph, and edges represent the relation

between them. If a column exists in a table, there must be an edge between

that column node and the table node in the graph. Furthermore, we assumed

that all foreign keys have the same name as their primary key, and in the graph

there is only one node representing them. This simplification does not create any

problem for database schemas that do not have self references or multiple foreign

keys referencing the same primary key. Algorithm 1 shows how to extract a simple

database graph from a schema assuming that foreign keys and primary keys have

the same name. This assumption can be ignored by adding edges between foreign

keys and primary keys if the given database schema contains tables with multiple

foreign keys referencing the same primary key or self references.

Join path construction uses shortest path algorithm to create join relations

between the required tables. After retrieving the output of DBTagger, a set of

tables T is created containing all the related tables for the given query. Related

tables are detected through examining the output of the DBTagger. Table enti-

ties, and tables of attribute and value entities which are detected by DBTagger

are retrieved and put into set T . After that T is given as input to Algorithm 2

with database schema graph, and shortest paths containing the related tables are

calculated. The output of Algorithm 2 contains a list of shortest paths which is

used to construct join relations. Figure 3.2 shows the constructed join path using

output of Algorithm 2 for the example query in Figure 3.1.

The next step is to construct WHERE conditions of SQL. The process starts

with gathering of mappings from DBTagger. A two dimensional array M is cre-

ated where M1i contains ith query token, M2i contains type tag of ith token, and

M3i contains the db tag of ith token. After that, a simple pre-processing is done

on the array M where consecutive tokens that have the same mapping informa-

tion are merged together. For WHERE conditions the important mappings are

V ALUE mappings. For each V ALUE mapping a tuple containing the query

token and respective table column is created and added to where conditions of

SQL. Algorithm 3 shows how WHERE conditions are extracted from the given

list M .
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Figure 3.2: Predicted join path for given query

ExtractWhereConditions (M)
Input : Two dimensional list M which contains natural language

query and keyword mapping information

Output: SQL WHERE conditions whereConditions

whereConditions← ∅;
M ← mergeConsecutiveMappings(M) ; // Merges multi-word

entities to a single mapping e.g: Brad Pitt

foreach token k1i, k2i, k3i ∈M1,M2,M3 do

if k2i is VALUE then

whereConditions.add(k1i, k3i) ; // k1i and k3i contains the

keyword and column information of that keyword

respectively

end

return whereConditions;
Algorithm 3: Extraction of SQL WHERE Conditions
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3.3 Tag Explanation with LIME

As explained in Section 2.2, LIME is a tool that explains the output of a black-

box classifier algorithm locally. The tool contains text specific methods and

approaches for text classification. We used these methods to produce explanations

for predicted tags of our query tokens.

Normally LIME produces explanations for models that classify the whole text

to one class, whereas in our case there is a classification for every token in a

sentence. Therefore, we had to make some modifications and add wrappers to

LIME for producing explanations for each token. The first modification was

adding an output mask to the DBTagger Model that masks all outputs except

the output for the token that is being explained by LIME. This mask transforms

the output of the DBTagger model so that LIME can evaluate the output and

produce an explanation.

The second modification was adding a wrapper to LIME that contains raw text

input, DBTagger Model Blackbox, predicted tag outputs of DBTagger Model and

output mask. The main purpose of this wrapper is to coordinate the communica-

tion between LIME and output mask. With the help of output mask it becomes

possible for LIME to produce an explanation for a specific token, however we still

need to select the token that will be explained. To achive this, we used a wrap-

per which detects the tokens that will be explained. We preferred explaining the

tokens which have a predicted tag other than ”O” for time efficiency since LIME

uses a lot of resources, and producing explanations is a time consuming process

even for a single token. Once the token selection is done, the wrapper adjusts

the output mask so that the model would give the output for the selected token,

and therefore LIME can analyze the output and produce an explanation for that

token. This process is repeated for every token that is selected for explanation.
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Figure 3.3: NLIDB Interface displayed with predicted tag outputs, join path and
constructed query

3.4 User Interface

We constructed a simple single page web application where a user can input a nat-

ural language query to our NLIDB pipeline and retrieve the translated SQL. This

web application is developed using flask micro framework and multiple javascript

libraries. The interface contains four main components; natural language query

input, database schema graph, keyword mapping outputs, and generated SQL of

NLIDB pipeline. Figure 3.3 displays the layout of these components.

Our natural language query input component allows the user to select a

database schema from a dropdown list and input a natural language query to

the NLIDB pipeline. When the user submits the query it is processed in the

pipeline model and generated SQL query is presented to the user along with the

database schema graph and keyword mapper outputs.

Database schema graph component displays the graph representation of the

selected schema. As stated in Section 3.2 database schema is converted into a
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graph representation in the NLIDB pipeline. We presented this graph represen-

tation in our web application utilizing D3.js javascript library. The schema graph

has a plain representation style when no query input is received from the user.

When a query is processed in the pipeline and a SQL is generated, we highlight

the nodes and edges of the graph that are used in the join path of generated

SQL. Highlighted nodes and edges are shown in Figure 3.2 for the query shown

in Figure 3.1.

Our third component contains the outputs of our keyword mapper inside a

table. We present the outputs of the keyword mapper so that the user can visually

see how his/her query is predicted by the keyword mapper. Furthermore, we used

pop-ups to display the produced LIME explanations of each word of the query

that is not tagged as ’O’. When the user clicks to a row of the table a pop-up

is displayed containing the visual explanation for the word that is stored in that

row. The detailed content of that visual explanation is shown in Section 5.1.3 in

Figure 5.1.

The last component of our interface presents the generated SQL query for

the given NLQ. This component receives the output of the NLIDB pipeline and

displays it to the user as a text. Generated SQL query contains the constructed

join-path and filter conditions of the WHERE clause.

22



Chapter 4

Semantic Search in Relational

Databases

Semantic search in relational databases aims to use Information Retrieval (IR)

based approaches to retrieve related rows for a given query. The main task

in IR field is to rank stored documents according to their relevance to a given

query so that the most relevant document is ranked highest and retrieved in first

place. Semantic search uses similar techniques to rank database rows instead of

documents so that the most related row to the natural language query is ranked

highest. Main steps of the approach contains representation of natural language

query and database rows, similarity calculation and ranking.
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GetRelatedRowsForNLQ (q, k)
Inputs : Natural language query q and top k similar results for each

value detected in query

Outputs: Related database rows

dbTags← dbTagger.predictDbTags(q) ; // Schema tags retrieved

from dbTagger architecture

typeTags← dbTagger.predictTypeTags(q) ; // Type tags

retrieved from dbTagger architecture

V ← extractV alues(q, dbTags, typeTags) ; // extraction of

values from query using predicted tags

T ← extractTargetTables(dbTags, typeTags) ; // extraction of

target tables from query using predicted tags

relatedRows← list();

foreach v ∈ V do

rows← RetrieveRelatedRows(v, k, T );

relatedRows.append(rows);

end

return relatedRows;
Algorithm 4: Ranking the database rows related to the natural language

query

The first step of semantic search is generating a vector representation of

database rows and given natural language query. We used graph convolutional

networks (GCN) to get vector representation of database rows. We converted the

database tables into graphs where each row and each word stored in the cells of

that row is represented as a graph node with an edge between them. After that

we used this graph as an input to a GCN and gathered representations for each

node (word node and row node) of the graph. For query representation we fol-

lowed a different path to utilize the same GCN outputs. Firstly, we gathered the

type tags and schema tags of the query using our DBTagger architecture. With

the help of these tags, we extracted the values that are present in the query. Af-

ter that for each detected value we searched the corresponding word node in the

graph and took its vector representation. We considered this representation as a

representation of the query. Furthermore, we used DBTagger outputs to narrow

24



down our search space, by defining a target table set. To decide this target table

set, we extracted the attributes from the query using the predicted tags from

DBTagger and inserted the table containing that attribute to the table set. The

flow of value and target table set extraction is shown in Algorithm 4.

RetrieveRelatedRows (v, k, T )
Inputs : Value v detected from natural language query, k parameter,

target table list T that will be used in similarity ranking

Outputs: Top k related database rows

relatedRows← list();

Rv ← retrieveRepresentation(v);

Rr ← retrieveRowRepresentations(T );

sortedRows← CalculateSimilarityAndSort(Rv, Rr);

foreach i ∈ [0...k] do

relatedRows.append(sortedRowsi);

end

return relatedRows;
Algorithm 5: Retrieval of database rows that are related to the detected

value

After generating the vector representations for the query and database rows,

we used these representations to sort the rows according to their relevance to

the query. As shown in Algorithm 5, we first retrieved the value representation

as the representation for the query and row representations for the given target

table set. Then, we gave these representations as input to Algorithm 6 and sorted

them according to their similarity scores such that the most similar row is ranked

highest. For similarity score calculation we used cosine distance.

cosine-similarity(A,B) =
〈A,B〉
‖A‖ · ‖B‖

(4.1)

cosine-dist(A,B) = 1− cosine-similarity(A,B) (4.2)
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CalculateSimilarityAndSort (Rv, Rr)
Inputs : Value representation Rv and database rows representation

Rr

Outputs: Database rows sorted according to their similarity scores

rowsAndSimilarityV alues← dict();

foreach row ri ∈ Rr do

similarityV alue← calculateSimilarity(Rv, ri);

rowsAndSimilarityV alues[ri]← similarityV alue;

end

sortDictAccordingToV alues(rowsAndSimilarityV alues);

return rowsAndSimilarityV alues;
Algorithm 6: Similarity score calculation between value representation and

rows representations and sorting

Cosine similarity metric measures the similarity between two vectors through

measuring the cosine of the angle between them. As the angle between the vectors

gets smaller the similarity between them increases, therefore when cosine of the

angle gets closer to 1 the vectors are considered to be more similar. Cosine

similarity equation is shown in Equation 4.1. To have a convenient distance

metric, where the distance between two points is less if they are closer to each

other, we need to convert this similarity value to a distance value. This conversion

is done by subtracting the similarity value from 1 which is shown in Equation 4.2.

Cosine distance is advantageous for high dimensional representation space. When

the representation space is high dimensional, small changes in each dimension

adds up to a big distance in euclidean distance measure and this causes two vector

representations to appear as dissimilar. Cosine distance tackles this problem and

works well in high dimensional space. On the other hand, cosine distance struggles

when one or both of the vector representations are filled completely with zeros

(zero vector), since it cannot calculate the angle when the vector has no direction

in the vector space.
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Chapter 5

Experimental Results

5.1 NLIDB Pipeline and Explainable AI in

NLIDB Systems

5.1.1 Dataset Analysis

In our experiments, we used imdb, yelp [5] and scholar [6] datasets which are

often used to evaluate the performance of NLIDB systems. Furthermore, we

used college schema from Spider [35] dataset collection for the evaluation of our

semantic search models. We preferred these datasets for evaluation since training

a DBTagger model requires adequate number of natural language query (NLQ)

samples and these datasets have more than 100 queries which is enough for our

evaluation. Table 5.1 show statistics of our datasets. Entity tables refer to the

main tables such as ’person’, ’author’ and ’business’, whereas relation tables refer

to the transition tables such as ’cast’, ’writes’ and ’tip’ that store the relation

between entity tables. ’Total attributes’ represents the total number of columns

in dataset and ’nonPK-FK’ attributes correspond to the columns that are neither

primary key nor foreign key. ’Total tags’ is the number of total schema tags (total

tables and nonPK-FK attributes).
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Properties (#) imdb scholar yelp

entity tables 6 7 2
relation tables 11 5 5
total tables 17 12 7
total attributes 55 28 38
nonPK-FK attributes 14 7 16
total tags 31 19 20
queries 131 599 128
tokens in queries 1250 4483 1234

Table 5.1: Dataset Statistics

dataset max length min length average length

imdb 14 4 9.07
scholar 16 2 7.53
yelp 15 6 10.00

Table 5.2: Dataset Natural Language Query Statistics

Maximum, minimum and average length of natural language queries are shown

in Table 5.2. While the shortest and longest sentences are in the scholar dataset,

yelp have the longest sentences on the average. Although the shortest sentence

is only 2 words long, on the average the sentences contain 7-10 words which is

ideal for both complex and simple queries.

5.1.2 Query Generation Results

In this section, we analyze performance of SQL translation algorithms discussed in

Section 3.2. While developing the algorithms our scope was translating basic SQL

queries that include simple SELECT-JOIN statements, leaving nested queries and

aggregate queries out. Therefore, for the evaluation we split our metrics into two

different categories; translation accuracy for simple SELECT-JOIN queries and

structure correctness for the queries that contain aggregates. In both categories

we used accuracy as our evaluation metric. For the simple select join queries, we

accepted a query as correct if the query is totally correct. For the queries that
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Full Query Accuracy(%)

Ours
NALIR+ Pipeline+

Single Table Multiple Table
imdb 50.0 64.8 88.9(9) 68.6(86)

scholar 40.2 76.3 100(2) 87.0(69)
yelp 52.8 85.0 60.0(5) 83.6(61)

Table 5.3: Query Translation Accuracies of NALIR+, Pipeline+ and Ours

Aggregate Queries

Aggregate Queries
with Group By

Aggregate Queries
without Group By

imdb 1.00 (6) 0.88 (16)
scholar 0.89 (18) 0.90 (21)

yelp 0.64 (11) 0.80 (44)

Table 5.4: Generated Query Structure Results for Our Approach

contain aggregates, we accepted a query as correct if the FROM and WHERE

clauses are constructed correctly so that only aggregate function and/or GROUP

BY clause is missing.

We compare our translations with reported accuracies of state-of-art systems

NALIR+ and Pipeline+ [18]. Table 5.3 gives accuracy results of NALIR+,

Pipeline+ and our SQL translation algorithm for simple SELECT-JOIN queries,

while Table 5.4 shows the structure accuracy for queries that contain aggregates.

The numbers in parentheses in Tables 5.3 and 5.4 correspond to the number

of queries that fall into that category. We can see that our translation results

surpass NALIR+ in all datasets and better than Pipeline+ in imdb and scholar

datasets. Pipeline+ is slightly better than ours in yelp dataset.
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5.1.3 Interpretability of DBTagger through LIME Expla-

nations

Interpretability of a deep learning model is crucial for reasoning its prediction.

In this section, we disscuss the interpretability of our DBTagger architecture by

providing some explanation examples produced using the LIME [15] tool. For

consistency we use the natural language query (NLQ) given in Figure 3.1 which

is ”Who is the director of the series ’House of Cards’ produced by Netflix ?”.

Table 3.1 shows the predicted tag outputs of the DBTagger architecture for the

query.

Figure 5.1 gives the explanation of the word ’House’ for schema tag predic-

tion of DBTagger. In the figure, there are two labels named ’NOT 28’ and ’28’

which correspond to the class label of ’tv series.title’. Below both labels, on each

side there are words with a value from the NLQ. Every word and value under

label ’28’ represent a positive contribution and every word and value under label

’NOT 28’ represent a negative contribution to the classification of the word. A

positive contribution means that the word strengthens the prediction probability

of the explained token and a negative contribution weakens that probability. In

our example, we can see that the word ’series’ in the NLQ has a very high pos-

itive contribution. This means that the word ’series’ strengthens the prediction

probability of the word ’House’ for the class ’tv series.title’. This explanation is

reasonable when we think of the fact that the query asks for a tv series titled

’House of Cards’, therefore in the database we must look for a record in tv series

table where the title attribute of the record should be ’House of Cards’. Fur-

thermore, Figure 5.1b shows the explanation of the same word if the query was

asking for a movie named ’House of Cards’ instead of a tv series (NLQ: ”Who

is the director of the movie ’House of Cards’ produced by Netflix ?”). When

we modify the NLQ like that, the schema tag prediction of DBTagger for the

word ’House’ becomes ’movie.title’ (class 18), and it is observed that the highest

positive contribution for this classification comes from the word ’movie’. This

example shows that the classification of the word ’House’ is highly dependent on

neighbouring words, in other words DBTagger searches clues for the classification
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(a) Explanation for word ’House’ for given NLQ

(b) Explanation for word ’House’ if query was asking for movie instead
of series

Figure 5.1: Explanation for word ’House’
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Figure 5.2: Explanation for word ’Netflix’

of the word ’House’. The explanation is reasonable and human readable since it

is logical to look for a movie record titled ’House of Cards’ if the query is asking

for a movie instead of a tv series. Therefore, we can safely state that DBTagger

learns the database schema and doesn’t memorize the given dataset.

Figure 5.2 gives the explanation for the word ’Netflix’ in the given NLQ. The

explanation shows that the predicted tag for the word Netflix depends on the

neighbouring words. The word ’Cards’ have the highest positive contribution

which is expected since the entity ’House of Cards’ should infer to the Netflix

company. The second highest contribution comes from the word ’of’ which is also

a part of the tv series title and is expected to have a positive contribution. This

explanation of the word ’Netflix’ is reasonable and can be interpreted by people,

thus supports the claim that DBTagger doesn’t memorize the given examples.

Figure 5.3 gives the explanation for the word ’director’. The predicted schema

tag for the word is ’director’ table (class 10) and unlike the other examples the
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Figure 5.3: Explanation for word ’director’

highest positive contribution for this prediction comes from the word itself. Fur-

thermore, we can observe that the other words do not really contribute that much

either in positive or negative direction. In NLQs there are some words such as

actor, director, movie, etc. which refer to a schema entity even it is the only word

in the NLQ. The context represented by such words doesn’t necessarily depend

on the whole sentence, therefore their predictions should be the same most of the

time. This explanation is an example of such a situation, the prediction of the

word ’director’ should stay the same in most of the queries.

5.2 Semantic Search

In this section we analyze the performance of our semantic search approach which

is presented in Chapter 4. We performed our experiments on the college schema

from the Spider [35] dataset collection, since imdb, yelp [5] and scholar [6] datasets

contain over a million rows and it is not possible to process them as a graph due
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dataset
# of total

queries
# of evaluated

queries
# of queries

without representation
# of queries

without result

college 170 28 12 4

Table 5.5: College Dataset Information

Top 5 accuracy(%)
Top 5 accuracy after

excluding queries without
representation or result (%)

College 42.8 85.7

Table 5.6: Semantic Search Results

to technical limitations. Table 5.5 shows the statistics of our college dataset.

For evaluation, we only used simple SELECT-JOIN queries since the semantic

search approach aims only ranking existing database rows without further pro-

cessing of them. The number of queries suitable for this evaluation is shown in

’#ofevaluated queries’ column of Table 5.5. Among those queries, we could

not produce a vector representation for 12 of them since we could not find exact

matching nodes in database graph for the values detected in the queries. Fur-

thermore, corresponding SQL statements of 4 queries did not return any rows as

a result.

As our evaluation metric we used top-5 accuracy; we considered the result

as correct if any of the top 5 rows returned from the semantic search exists in

the result set returned from the actual SQL statement of the natural language

query (NLQ). Table 5.6 shows the accuracy results of our proposed semantic

search approach. The second column of the table presents the accuracy of our

proposed method when we exclude the queries without representation or result

from the evaluation set. Although excluding them from the evaluation set is

not fair, the increase in accuracy shows that our approach is promising good

results yet a better query representation methodology is needed. Currently, we

are searching for exact matches of detected values from NLQ and average them.

If we cannot find an exact match, we cannot produce a vector representation for

NLQ. Therefore, to produce a vector representation for a given NLQ, the query
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should contain values existing in the database schema.
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Chapter 6

Conclusion

In this study we presented two different approaches that aims to produce an

answer for a natural language query (NLQ) that is issued to a Relational Database

Management System (RDBMS). First approach proposes a NLIDB pipeline and

an explainable AI interface and the second approach utilizes the Information

Retrieval based methodologies to construct a semantic search strategy.

The first work in the thesis describes a complete Natural Language Interfaces

for Database (NLIDB) pipeline that utilizes a keyword mapper and SQL gener-

ation algorithms to output SQL queries. This NLIDB pipeline is supported with

an explainable AI interface that presents user the outputs of the keyword map-

per, provides explanations for those mappings, presents a graph representation of

database schema along with the predicted join path of a given query, and displays

the SQL output of NLIDB pipeline.

The NLIDB pipeline uses simple yet effective algorithms to generate SQL

queries that contain simple SELECT-JOIN statements. These algorithms utilize

the graph representation of database schema and output of keyword mapper for

query generation. The NLIDB pipeline provides better results than the other

state-of-art approaches on three datasets (imdb, scholar, yelp) that are widely

used to evaluate such systems. This simple technique is also quite successful
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at generating the structures of the SQL queries that require aggregate clauses.

Most of the generated queries require only the aggregate clause (MIN, MAX,

SUM, AVG, etc.) and/or GROUP BY clause, so that when it is issued with

those additions it would yield the correct answer to the given NLQ.

The NLIDB pipeline is presented to the user with an explainable AI interface

that reasons over the predicted tag outputs of keyword mapper, displays the

SQL join path on the graph representation of database schema and generated

SQL query. Most of the deep learning models do not provide a reasoning for their

prediction and this creates a problem for interpreting the prediction of the models.

We integrated LIME to our keyword mapper model so that the predictions of the

model can be reasoned and interpreted by the user. Furthermore, we display the

predicted join path on the graph so that the user can visually see what join path

is used in generated SQL. We believe that our interface is novel as it displays

multiple NLIDB pipeline related components and provides an interface for the

user that does not just display the output of NLIDB pipeline but also tries to

explain the resulting query with those components.

The second work in the thesis proposes a semantic search approach that

uses Information Retrieval (IR) based methodologies to retrieve the most re-

lated database rows for a given query. Each row in the database is treated as

a document of an IR system, and like every document and query they are as-

sociated with a vector representation. We used Graph Convolutional Networks

(GCN) for generating vector representations and cosine similarity metric to score

the relevance of database rows to the given query. We evaluated our approach

with the college schema from the Spider dataset collection and observed that we

struggle with query representation since we search for exact matching values from

the query in graph nodes, and with a better query representation methodology

this approach may promise good results.

As a future work, we are planning to focus on query vector representation so

that we can have a vector representation for queries that do not contain exactly

matching values. Furthermore, we aim to expand the scope of our NLIDB pipeline

so that it can generate aggregate queries as well.
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