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Abstract

The applicability and adaptability of text-to-SQL systems trained on ref-
erence databases to more complicated ones is an open question. This thesis
attempts to provide intuitions on the challenges and limitations when applying
benchmark systems to more complicated databases. For this, two exemplary
systems, namely the IRNet and SmBop, both trained on the Spider dataset,
are applied to the complex linguistic relational database DIRNDL.

The primary aim is to analyze to what extent the systems manage to
produce accurate queries and retrieve correct information when the inference
is conducted on a database of greater complexity and dimensions compared
to the databases contained in the Spider dataset (the main benchmark in the
field). Intentionally, no re-training is performed. A comparison between the
two systems is also conducted.

In addition to this, the sensitivity to lexical changes and question com-
plexity variation is part of the analysis carried out in this work.

Through a qualitative evaluation, the current work provides insights into
which model architecture works better for complex linguistic databases, and
the limits of both systems. The main findings are that the SmBop system is
superior to the IRNet one, and that SmBop is also more sensitive to lexical
changes in the database schema. Nevertheless, neither system shows a satis-
factory performance when the goal is the synthesis of more complex queries

which are used in real-world research settings.
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1 Introduction and Motivation

Structured Query Language (SQL) is the language that enables definition and in-
teraction with relational databases. Whereas the syntax of SQL queries is compa-
rably easy, it requires familiarity of the user with the framework to use it confi-
dently. On the other hand, natural language processing (NLP) has witnessed re-
markable progress in recent years in its intersection with database query generation.
Text-to-SQL models are indeed designed to bridge the semantic gap between natu-
ral language queries and SQL statements, enabling more intuitive interaction with
databases and streamlining its usage therefore. In text-to-SQL parsing, the goal is
to produce a SQL query that, when executed against a database, answers a given
natural language question, as illustrated in Figure 1. This task involves utilizing the
database schema, which includes information about tables, columns, and primary-

foreign key relations (Elgohary et al., 2021).

Natural Language Parsing text-to-SQL Generation
- ——— |  SQL Query
Query Model
“Find all books SELECT *
FROM Books

published in 2021.”
WHERE year = 2021

Figure 1: Basic text-to-SQL pipeline with an example query.

However, while most models have demonstrated impressive performance within
specific domains and with standard benchmarks, e.g., Spider and other datasets
described in Table 1, their robustness and adaptability to diverse and unexplored
datasets and domains remain an open research question (Elgohary et al., 2021).
Moreover, the capability to generalize across domains, which is crucial for real-world

applications, poses still challenges (Julavanich and Aizawa, 2023).

Motivated by these limitations of currently existing text-to-SQL systems, this
thesis seeks to analyze the applicability of two different exemplary text-to-SQL sys-



tems to a previously-unseen linguistic-annotated dataset as new benchmark, ad-

dressing a critical gap in current research.

The text-to-SQL systems selected for the current work are IRNet (Guo et al.,
2019) and SmBop (Rubin and Berant, 2021). Both have been originally trained and
tested on Spider, a dataset of schemas, questions and gold parses spanning several
databases in different domains (Elgohary et al., 2021). The new database on which
inference is endeavored is DIRNDL (Discourse Information Radio News Database
for Linguistic Analysis) (Eckart et al., 2012). Further details on the data and the

systems used are provided in the Sections 4 and 5.

The main challenge consists in the fact that the structure of the DIRNDL is not
directly deployable as input for the IRNet and for the SmBop systems. Hence, the

first research question is:

1. What database design changes are necessary in order to deploy a LAF-format
database like the DIRNDL as input for text-to-SQL systems? What are the
limits (if any)?

The second point investigated in this setting is the extent to which the parsers of the
text-to-SQL systems manage to understand the relations existing in the database.

Hence, the second research question is:

2. How sophisticated and accurate are the queries that the systems output? How

can it be evaluated at inference time?

Another matter consists in analyzing the effects of changes in the vocabulary of
the natural language questions and/or of the tables and columns names. Hence, the

third research question is:

3. What semantic/lexical /syntactic changes in the natural language input ques-
tions and/or in the tables and columns names change the output query quality?

Which system performs better?
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Dataset #Size #DB #D #T/DB Issues addressed  Sources for data
. . College courses,
Spider (Yu et al., Domain
10,181 200 138 5.1 L DatabaseAnswers,
2018) generalization
WikiSQL
WikiSQL (Zhong . L
80,654 26,521 - 1 Data size Wikipedia
et al., 2017)
Squall (Shi et al., Lexicon-level . .
11,468 1,679 - 1 . WikiTableQuestions
2020) supervision
KaggleDBQA (Lee Domain
272 8 8 2.3 o Real web databases
et al., 2021) generalization
IMDB (Yaghmazadeh Internet Movie
131 1 1 16 -
et al., 2017) Database
Yelp (Yaghmazadeh .
128 1 1 7 - Yelp website
et al., 2017)
Advising University of
(Finegan-Dollak et al., 3,898 1 1 10 - Michigan course
2018) information
MIMICSQL (Wang .
10,000 1 1 5 - Healthcare domain
et al., 2020b)
SEDE (Hazoom et al., SQL template
12,023 1 1 29 Stack Exchange

2021) diversity

Table 1: Recent text-to-SQL datasets. #Size, #DB, #D, and #T/DB denote the
numbers of question-SQL pairs, databases, domains, and the average number of
tables per database, respectively (in the original paper it is stated that #T/DB
denotes the average number of tables per domain but is believed to be a typo). A
“” in the #D column signifies an unknown number of domains, while a “-” in the
“Issues Addressed” column indicates that the dataset does not specifically address
any issues. Datasets above and below the line are categorized as cross-domain and

single-domain, respectively (Deng et al., 2022).
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The last and broader question that this thesis aims at discovering is whether the
IRNet and/or the SmBoP systems can be applied to the DIRNDL and support the
extraction of accurate information in a linguistics research setting, in this case based
on a study about information status and relative givenness. Hence, the last research

question is:

4. Is it possible to apply text-to-SQL systems on a database like the DIRDNL
and aid accurate information retrieval in a linguistics research setting? An
analysis based on the linguistics research paper “Anarchy in the NP. When

new nouns get deaccented and given nouns don’t” (Riester and Piontek, 2015).

On the structural level the current thesis is divided in various chapters. In order,
Section 2 provides an explanation of the fundamentals required to understand the
concepts, topics, and methods discussed throughout the work; Section 3 provides an
overview of relevant related work and state of the art in the field of text-to-SQL;
Section 4 describes the Spider and the DIRNDL datasets contents and structures;
Section 5 describes the two text-to-SQL systems used and compared in this thesis,
namely IRNet and SmBoP; Section 6 describes the methodology applied; Section 7
provides fundamental information about the input formats; Section 8 describes the
evaluation methods applied; Section 9 describes the three experiments conducted;
in Section 10 the results and findings of the research are discussed; last, Section 11
describes some possible future research directions and serves as conclusion of the

current thesis.
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2 Preliminaries

2.1 SQL

SQL stands for Structured Query Language and is the main programming language
designed to manage data stored in database systems (Silva et al., 2016). SQL consists
of a relatively simple syntax in the form of commands in English language to define,
manipulate, and control data. Indeed, it has different components which correspond
to these main types of operations. The first component is the data definition language
(DDL), which allows to define the structure of the database. The second is the
data manipulation language (DML), which allows operations to modify and delete
data. The third is the data control language (DCL), which is used by database
administrators to manage the permissions and the security of the database (Silva
et al., 2016). There is also a fourth one, which is the transaction control language
(TCL) and is used to manage transactions in the database. In other words, TCL
commands are used to manage the changes made by DML statements (Chapple
and Nijim, 2023). Last, SQL is also composed by a data query language (DQL),
which allows to fetch the data and is arguably the most relevant SQL component
for the current thesis (Sequeda et al., 2011). Figure 2 shows the main SQL commands

classified by component.

SQL COMMANDS

DDL DML TCL DCL DQL
CREATE INSERT COMMIT GRANT SELECT
DROP UPDATE SAVEPOINT REVOKE
ALTER DELETE ROLLBACK
TRUNCATE CALL
EXPLAIN CALL
LOCK

Figure 2: The main SQL commands classified by component.
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Importantly, SQL became a standard of the American Standards Institute (ANSI)
and of the International Organization for Standardization (ISO, ISO/IEC 9075), and
is portable among different database management systems (DBMS) with the aid of

some partial adjustments (Silva et al., 2016).

In the current thesis the focus is on DQL. The SELECT statement is the cor-
nerstone of DQL and allows retrieving data from a single or multiple tables in the
database. Most often the SELECT statement appears together with a variety of

clauses, keywords and operators. A brief description of the main ones follows.

The FROM keyword specifies the table that the user wants to select the data
from, and the WHERE clause allows to specify one or more conditions so that the
user can filter out the data and get a specific result set. Often tables and columns
are assigned aliases, which are temporary names used to make tables and columns

names more readable. Aliases are specified with the AS keyword.

The most common operator used in the WHERE clauses is the = (equal) oper-
ator, which checks if the result set matches the value that the user is looking for.
Other popular operators are != (not equal), > (greater than), >= (greater than
or equal), < (less than), <= (less than or equal). In case the user wants to specify
multiple criteria, the AND keyword can be used, and the result set contains the data
that matches all the specified conditions. Similarly, the OR keyword can be used to
specify multiple criteria and obtain data which match either of the conditions. The
IN and NOT IN operators allow providing a list expression and return the results
that match or do not match that list of values. The IS and IS NOT operators are
used to check NULL values and to check or negate a condition or Boolean expression
in a WHERE clause. The BETWEEN operator allows selecting values with a given
range. The LIKE operator allows wildcard matching, where a wildcard character is

a placeholder that represents a single character.

In addition to this, the user often wants to order the results in a specific way
based on a particular column. For instance the goal could be to obtain the output in

alphabetical order based on the column containing students’ surnames in a school
database. This can be achieved using the ORDER BY clause. The LIMIT clause
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instead allows limiting the number of results that are output to the user. Moreover,
in some cases, there might be duplicate entries in a table, and in order to get only

the unique values, the user can use the DISTINCT keyword.

Also, with regards to sorting and ordering data, the GROUP BY statement
allows using an aggregate function like COUNT, AVG, MIN, MAX, SUM with
multiple columns. In addition to this, the HAVING clause allows filtering out the
results on the groups formed by the GROUP BY clause.

One last fundamental clause often used in queries is the JOIN clause, which
allows combining the data from two or more tables into one result set. Different
types of JOIN exist, namely INNER JOIN, LEFT JOIN, RIGHT JOIN, FULL
JOIN (Iliev, 2023).

2.2 Relational Databases and RDBMS

A database is a collection of interrelated data, typically stored according to a data
model in a way that its contents can be easily accessed, managed, and updated
(Taipalus, 2023; Adams and Riede, 2002).

A relational database is a collection of tables that have data organized in a
structured way. Each table focuses on a specific category and has columns that
define what types of information fit in the table. The relational nature of such
databases allows pulling together and observing data from different tables with the
aid of SQL commands (Adams and Riede, 2002). Primary keys and foreign keys are
two fundamental constraints for relational databases, indicating the entity integrity
and referential integrity that databases need to follow (Jiang and Naumann, 2020).

Figure 3 shows an example of relational database schema.

A relational database management system (RDBMS) is a program used to cre-
ate, update, and manage relational databases. Some famous RDBMS are ORACLE,
MySQL, PostgreSQL, or SQLite (Adams and Riede, 2002). Two of them, namely
PostgreSQL and SQLite are relevant for the current work and hence a short descrip-

tion follows.
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Scholarship Student Attends
~ P

hid: integer (PK) — | sid: integer (PK) [ sid: integer]

label: varchar name: varchar cid: integer,

amount: integer birthday: date

--yearly in € address: varchar
PracticalCourse | Course Prereq
pid: integer (PK) cid: integer (PK) 'ﬁ cid: integer PK

label: varchar requires: integer.

Figure 3: Example of a relational database schema from Champin et al. (2007). PK

stands for primary key and the arrows represent foreign keys relations.

Both SQLite and PostgreSQL are fully SQL-compliant databases and support
the SQL standard for creating, querying, and managing databases, but differently
compared to other database engines, in SQLite a database is stored in a single file.
Indeed, while most of the other RDBMS are server-based, SQLite is file-based and
does not have a client/server architecture. SQLite encapsulates the entire database
into a single file, which includes both the database structure and the actual data
within all tables and indexes. This file format is cross-platform, allowing access on
any machine regardless of native byte order or word size. Moreover, the fact of
having the entire database in one file simplifies creating, copying, and backing up
the on-disk database image (Kreibich, 2010).

Nevertheless, although SQLite is highly flexible, it does have certain limitations.
For instance, there are practical limits to how much data should be stored in a
SQLite database, and since SQLite stores everything in a single file, large databases
can strain the operating system or filesystem. Despite most modern filesystems being
capable of handling files that are a terabyte or larger, their performance can degrade
significantly for random access patterns when the file size reaches multiple gigabytes
(Kreibich, 2010).

PostgreSQL instead is a highly robust and sophisticated open-source database.
It utilizes an object-relational model to manage data, capable of handling complex

routines and rules. Its advanced features include declarative SQL queries, multi-user
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support, query optimization, and the use of arrays. Unlike SQLite, PostgreSQL is
specifically designed for multi-user access, allowing multiple users to connect and
interact with the database concurrently (Worsley and Drake, 2001). However, since
PostgreSQL databases depend on servers, moving them between systems can be

more complicated and cumbersome than moving SQLite databases.

With regards to data types, unlike some other database systems, SQLite provides
a more constrained selection of data types, with its fundamental data type classes
being text, floats, integers, NULL, and blobs. These address most everyday use cases,
but they may not be sufficient for applications requiring advanced or specialized data
types (Kreibich, 2010). On the contrary, one of the main advantages of PostgreSQL
is its extensibility, which allows users to define custom data types, functions, and
operators. Its extensibility renders it a flexible platform capable of managing diverse

data types and intricate use cases (Douglas and Douglas, 2003).

Last, it is relevant to state that nearly every database product, among which
SQLite and PostgreSQL, incorporates custom extensions and enhancements to the
core SQL syntax. These additions help differentiate each product or provide access
to features and control systems not covered by the core SQL standard (Kreibich,
2010). However, these differences also cause slight modifications in the syntax of the

SQL queries that are run on one database system or another.

2.3 Semantic Parsing and Grammar Engineering

Semantic parsing is the task of mapping natural language utterances into programs,
or, better, it is the task of converting natural language (NL) sentences into their
meaning representations (MRs) which a computer program can understand and
execute to perform some specific task. Examples of such domain-specific tasks are
controlling a robot, or answering questions in a database. These MRs are expressed
in a formal meaning representation language (MRL), which is unique and specific to
the domain, like some specific command language for robots or some special query
language for databases. A machine learning system for semantic parsing is trained

on examples of natural language paired with their MRs, and it uses those pairs to
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Query Which team does Frank Hoffman play for? | context TEAM PLAYER | POS | COLLEGE

Hamilton Connor DB Wilfrid
Tiger-Cats | Healy Laurier

Program | SELECT TEAM from table where PLAYER="Frank Calgary Anthony | OL York
Hoffman” Stampeder | Forgone

Answer Toronto Argonauts

Toronto Frank DL York
Argonauts | Hoffman

Grammar |Standard SQL grammar (Date and Darwen, 1989)

Figure 4: Example of a semantic parsing task with its various components (Kamath
and Das, 2019).

learn how to take new NL sentences as input and understand the MR of what they
mean. This way, the system can map any novel sentence to the right meaning a

computer can understand and use to reach the final goal (Kate, 2008).

Text-to-SQL semantic parsing specifically allows non expert programmers to
state questions in natural language, turn the questions into SQL code, and inspect
the results of the query execution (Eyal et al., 2023). Figure 4 shows the components
of the text-to-SQL semantic parsing task based on the SQL grammar from Date and
Darwen (1989). By grammar it is meant a set of rules which have the function to
define a set of candidate derivations for every input NL utterance. The type of
grammar used determines not only the expressivity of the semantic parser, but also
the computational complexity associated with building it (Kamath and Das, 2019).
Indeed, grammar engineering is another fundamental concept in the realm of text-

to-SQL parsing.

Many text-to-SQL models have been developed with a standard sequence-to-
sequence approach, where the natural language input is encoded as a sequence of
tokens and the output is decoded as a sequence of SQL tokens. However, some
research in the area of semantic parsing has found that using a grammar is often
better. With a grammar-based approach, instead of predicting a flat sequence of
tokens, the model predicts a hierarchical structure of grammar rules. This way the

output is not just a list of tokens, but a structured sequence of rule applications
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(SELECT[ distinct ][ select_results ] FROM

[ table_refs ] [ where_clause ] [ group_by ])

[ select_results ]—-[ col_refs ]|[ agg ]
[ agg ]—>[ agg_func ] (| col_refs |)

MIN | MAX | COUNT
— [ col_ref ] [ col_refs ]I[ col_ref ]

[ table_refs ]—> [ table_name ][ table_refs ]I[ table_name ]

Figure 5: An example of base SQL grammar (Lin et al., 2019).

based on the grammar (Lin et al., 2019).

When designing a grammar for a general programming language like SQL, there
are various considerations to be taken. For instance, there is a trade-off between
having a compact grammar that minimizes over-generation and having a deeper
grammar that can capture more fine-grained phenomena. It is important to high-
light that the more compact the grammar is, the more easily learnable it is for the

semantic parser (Lin et al., 2019).

Traditional approaches often leverage compiler grammars and Abstract Syntax
Trees (ASTs), but these methods can lead to significant over-generation of potential
queries and introduce deep, complex derivations that hinder the learning process of

semantic parsers (Lin et al., 2019).

SQL grammars can be dataset-specific, but they share a common base. An ex-

cerpt of a simplified base grammar is shown in Figure 5 (Lin et al., 2019).

2.4 The LAF model

As the data structures of the micro layer of the B3DB are based on the Linguistic

Annotation Framework (LAF), a short description of it follows here.
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The Linguistic Annotation Framework (LAF, ISO 24612) was developed by the
International Standards Organization (ISO)’s TC37 SC4, the ISO sub-committee
on Language Resource Management. The first works on LAF aimed at identifying
the fundamental properties and principles for representing linguistic annotations,
which led to the design of an abstract data model that has since served as the basis
for a standard representation format of morpho-syntactic and syntactic annotations

together with various types of semantic annotations (Ide and Suderman, 2014).

The existence of such generic data model allows for easy exchange of linguistic
annotations, and it was to this end that the ISO Language Resource Management
committee developed principles and methods for creating, coding, processing and
managing language resources, such as written corpora, lexical corpora, speech cor-

pora, and dictionary compiling and classification schemes (Ide and Romary, 2003).

One of the most important concepts of LAF is the distinction of annotation
structure and annotation content. Indeed, the annotations must attach to the orig-
inal primary data objects and the semantics of the annotations must be encoded
outside of the representation, for instance with the aid of persistent identifiers from

data categories stored in a Data Category Registry (Eckart, 2017).

LAF introduces a layered graph structure, where graphs consist of nodes, edges
and annotations, and all standard annotation layers for linguistic corpora can be
mapped onto this model (Eckart, 2017).

2.5 Annotations in the DIRNDL

The primary data of the DIRNDL corpus consists of an audio file and a manuscript
for each of the broadcasts. Moreover, the DIRNDL corpus has been annotated partly

automatically and partly manually on three main levels, namely:

e on the pragmatic level with information status annotations based on the
RefLex scheme (Riester and Baumann, 2017);

e on the prosodic level with annotations on pitch accents and prosodic bound-
aries based on the GToBI(S) framework (Mayer, 1995);

20



Tag Contextual class

r-given-sit Referents contained in text-external context
r-environment (communicative situation)
r-given . . . .

- - Referents mentioned in previous discourse context
r-given-displaced
r-cataphor Discourse-new entities that depend on other
r-bridging expressions in the discourse context

r-bridging-contained
r-unused-unknown
r-unused-known

Globally unique entities that are discourse-new and
independent of the discourse context

r-new Non-unique, discourse-new entities
r-expletive . .
— Non-referring expressions
r-idiom
+generic .
9 —— Optional features
+predicative

Figure 6: Annotation tags of the r-level (Riester and Baumann, 2017).

e on the morphosyntactic level with annotations resulting from a parser based
on an LFG grammar by Rohrer and Forst and the XLE system (Rohrer and
Forst, 2006).

The flexible linking mechanism of the B3DB has been utilized to enable joint query-
ing of the annotation layers of intonation, syntax, and information status (Eckart,
2017).

In the following subsections a short description of the main concepts related to

the annotations contained in the DIRNDL is provided.

2.5.1 The RefLex scheme

The RefLex annotation scheme is based on the concept that information status
should be analyzed on two levels or dimensions: referential and lexical (or concep-
tual). This idea originates from theories of information structure, particularly those

concerning focus and background (Riester and Baumann, 2017).

Referring expressions (and non-referring terms) are classified according to the

scheme described in Figure 6.
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Tag Salience class
[-given-same
[-given-syn
I-given-super
I-given-whole
l-accessible-sub

active, i.e. salient concepts

l-accessible-part semi-active, i.e. derivable concepts
l-acessible-stem
I-new inactive concepts

Figure 7: Annotation tags of the I-level (Riester and Baumann, 2017).

The lexical level applies to the word domain, more specifically to the content
words such as nouns, adjectives, (content) adverbs, and verbs. Pronouns and other
functional categories are not annotated at the lexical level. The classification of

words follows the scheme described in Figure 7.

2.5.2 The TIGER treebank and XML encoding

The TIGER treebank (Brants et al., 2004) is a newspaper corpus derived from
various sections of the Frankfurter Rundschau. Comprising around 900,000 tokens, it
includes annotations for lemmas, part-of-speech (POS) tags, morphological features,

and syntactic structures.

The dataset is available in multiple formats and encodings, including TIGER-
XML, a unique XML-based representation (Kénig et al., 2003) that has also been
adopted as the serialization format for the Syntactic Annotation Framework (SynAF),
as referenced in ISO 24615-1:2014 and ISO/PRF 24615-2 (Eckart, 2017).

Figure 8 illustrates the terminal and non-terminal nodes in TIGER-XML.

Annotations within the database’s micro layer are linked to the nodes and edges
of the graph representation. Since annotations are not mandatory for every node or
edge, they reference the nodes and edges rather than being inherently attached to
them. Furthermore, a node or edge can be annotated with multiple entries. The an-

notation structure is based on the XML serialization GrAF and has been extended in
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<terminals>
<t id="s10_1" word="Frau" pos="N[addr]"/>
<t id="s10_2" word="Merkel" pos="NAME"/>
[-.]
</terminals>
<nonterminals>
<nt id="s10_506" cat="NAMEP">
<edge label="-"idref="s10_1"/>
<edge label="-" idref="s10_2"/>
</nt>
[-]

</nonterminals>

Figure 8: Terminal and non-terminal nodes in TIGER-XML (Eckart, 2017).

accordance with Kountz et al. (2008). Regarding feature structures, GrAF complies
with ISO 24610-1:2006. Figure 9 provides an example of an annotation encoded in
GrAF.

<a label="NN" ref="node01" as="TIGER">
<fs>
<f name="pos" value="NN" />
<f name="morph">
<fs>
<f name="gender" value="Neut" />
<f name="case" value="Gen" />
<f name="number" value="Sg" />
</fs>
</f>
</fs>
</a>

Figure 9: Morphosyntactic annotation of a common noun (part-of-speech NN), based
on the annotation scheme of the TIGER corpus, and encoded according to GrAF
(Eckart, 2017).

2.5.3 LFG and XLE

The term “LFG parser” denotes a system that combines Lexical Functional Gram-
mar (Kaplan and Bresnan, 1982) with a parser. In this context, the Xerox Linguistic

Environment (XLE) (Crouch et al., 2011) serves as both the parsing engine and the

23



development platform (Langer, 2004; Eckart, 2017). An LFG parser generates two
primary types of output: the c-structure (constituent structure) and the f-structure
(functional structure). For the purposes of this study, only the c-structure, illus-
trated in Figure 10, is pertinent. In this context, the LFG parser utilized in this
work is classified as a rule-based constituency parser. The grammar employed has
been extensively tested and refined using the TIGER treebank (Rohrer and Forst,
2006).

ROOT
///\
CProot[std] PERIOD
= & |
DP[std] Cbar .
DPx|[std] V[coh,fin] VP[coh,inf]
/\
N| P Vx [Co‘h,ﬁn] PP[std] VC[coh,inf]
N. All/IEP kor‘mte PPX‘[Std] VvC [\‘f,inf]
NA|ME P[pgD\P[std] V[v,inf]
Ker|npe gegen DPx‘[std] Vx[v,inf]

NP punkten

NAMEP

NAME

St. Pauli

Figure 10: Analysis of example Kempe konnte gegen St. Pauli punkten. by the LFG
parser (Eckart, 2017).

2.5.4 GToBI pitch annotations

The speech melodies of individual utterances can be described as variations of spe-
cific pitch contours. These contours are represented either as configurations, such as
falls and rises, or as sequences of discrete tonal units, such as high and low tones
(Peters, 2018).

24



The DIRNDL broadcasts have been manually annotated for pitch accents and
prosodic boundaries following GToBI(S), (Mayer, 1995), which is a system of con-
ventions designed for labeling the phonological aspects of German intonation. GToBI
closely aligns with the English ToBI system (E-ToBI), which is based on autosegmental-

metrical phonology.

GToBI uses a set of high (H) and low (L) tones that are associated with promi-
nent syllables (pitch accents) and the edges of phrases (boundary tones).

The use of different pitch accents can indicate the informational status of a word
or phrase, such as whether it is new, given, or accessible information. Pitch accents

=3

are marked with a star “*’ following the tone, e.g. H*.

The tonal inventory of GToBI includes two monotonal pitch accents (H* and L*)
and four bitonal pitch accents (L+H*, L*+H, H+L* H+!H*). It also features edge
tones associated with minor (intermediate) phrases (L- or H-) and major (intonation)
phrases (L% or H%) (Grice et al., 2000).
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3 Related Work

Text-to-SQL has caught the attention of various research communities, as it can
bring huge benefits by allowing building natural language interfaces to database
systems. However, this entails a variety of challenges, which numerous researchers
have been addressing with a wide range of methodological approaches. In this regard,
Deng et al. (2022) provide an overview of the main challenges, current datasets,
methods, and potential directions for further research in this field. Essentially, the

challenges in text-to-SQL break down to three aspects (Deng et al., 2022):

1. extracting the meaning of natural utterances, which is not trivial given the

ambiguous nature of human language (encoding);

2. transforming the extracted meaning into another expression which is equiva-
lent to the natural language (NL) meaning, bridging the gap between the two

forms of representation (translating);

3. generating the corresponding correct SQL queries (decoding).

Furthermore, a variety of more specific issues can be mapped to these three main
aspects. For instance, multi-turn text-to-SQL systems may need to consider the
context of the conversation or the domain-specific knowledge to accurately translate
natural language into SQL queries Liu et al. (2022). Significant efforts have been
dedicated to developing models that allow the incorporation of user feedback. To
cite a few, Zhang et al. (2019) made use of the interaction history by editing the
previous predicted query to improve the generation quality, based on the fact that
adjacent natural language questions are often linguistically dependent and their
corresponding SQL queries tend to overlap. Elgohary et al. (2020) investigated an
interactive scenario where humans can interact with the system by providing free-
form natural language feedback to correct the system when it generates an inaccurate
interpretation of an initial utterance. Elgohary et al. (2021) later presented NL-
EDIT, a model designed to interpret natural language feedback within the context

of interaction. This model generates a series of edits that can be applied to the
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initial SQL parse, correcting any errors present. Nevertheless, although a range of
important studies has been focusing on improving multi-turn settings, these are out
of the scope of this thesis, since from past work on the DIRNDL database a number

of NL queries and respective SQL queries are available, but no multi-turn data.

Another problem lies in how to handle the variations in language and query
structures. Indeed, natural language expressions can vary greatly in terms of syntax,
grammar, and vocabulary. Similarly, SQL queries can have different structures and
writing conventions. Text-to-SQL models need to handle these variations to ensure
robustness and generalizability. Xu et al. (2017) addressed specifically the issue
of order matters in SQL. The order matters issue consists in the fact that the
same SQL query may have multiple equivalent serializations due to commutativity
and associativity, but the de-facto approach of employing a sequence-to-sequence
model is sensitive to the choice of one of them. Xu et al. (2017) proposed SQLNet,
an approach that avoids the sequence-to-sequence structure when the order does
not matter, and instead employs a sketch-based approach. Their approach is an
alternative to the one developed by Zhong et al. (2017), namely Seq2SQL, which

uses a sequence-to-sequence structure with policy-based reinforcement learning.

One last major problem in text-to-SQL tasks is the fact that developing accurate
and effective text-to-SQL models requires access to large-scale, high-quality training
data and annotated resources. However, such resources are often limited, especially
for complex or specialized domains. Indeed, Kuznia (2023) claimed that human
annotation is the bottleneck for text-to-SQL datasets and therefore provided the
Generative Pretrained Transformer 3 model (GPT-3) with particular instructions to
build a rigorous text-to-SQL dataset, and showed that the created pairs, consisting
of a question in natural language and the corresponding SQL code, have excellent
quality and diversity, and when utilized as training data, they can enhance the
accuracy of SQL generation models. Also Zhao et al. (2022) pointed out that in
order to be applicable in real scenarios, real parsers must be able to generalize to
new domains since collecting domain specific labeled data is often too expensive.
The main challenge in new domains according to the authors consists in two types

of operations, namely:
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e column matching: the task of mapping natural language phrases to the most
relevant columns. For instance, if a user types “What was Armani’s income
i 202077, the system might have to map the word “ncome” to the “Wages”
column in the corresponding table. This can be challenging because some map-

pings may be implicit or may require domain knowledge;

e column operations: the task of mapping natural language phrases to composite
expressions over table columns. For instance, if a user types “What was Ar-

mani’s income in 202077, the system might have to map the word “income’

to the table columns “Salary” + “Stock”.

The authors claim that especially the challenge of column operations remains un-
explored due to the lack of evaluation benchmarks, and thus they propose a synthetic
dataset and a new train/test repartitioning of the Squall dataset (Shi et al., 2020) as
new benchmarks to quantify domain generalization over column operations. Their
results indicate that existing state-of-the-art parsers struggle in these benchmarks.
Therefore, they propose to incorporate prior domain knowledge by preprocessing
table schemas. They design a method that consists of two components: schema ex-
pansion and schema pruning. This method can be easily applied to multiple existing
base parsers, and they show that it significantly outperforms baseline parsers on
this domain generalization problem, boosting the underlying parsers’ overall per-
formance by up to 13.8% relative accuracy gain (5.1% absolute) on the new Squall

data split.

The need of better benchmarks to evaluate NL-to-SQL systems (where NL possi-
bly denotes other modalities in addition to text) was also highlighted by Zhang et al.
(2024), who claim that the high accuracy reached by some systems is partly justified
by the fact that such systems are evaluated on the Spider benchmark, which mainly
contains simple databases with few tables, columns, and entries, and thus does
not reflect a realistic setting. In fact, complex real-world databases with domain-
specific content have little to no training data available in the form of NL/SQL-pairs
leading to poor performance of existing NL-to-SQL systems. Hence, Zhang et al.
(2024) introduced ScienceBenchmark, a new NL-to-SQL benchmark for three real-
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world, highly domain-specific databases. More specifically, they used a policy making
database, an astrophysics database, and a cancer research database. For this new
benchmark, SQL experts and domain experts created high-quality NL/SQL-pairs
for each domain. They then extended the small amount of human-generated data
with synthetic data generated using GPT-3. They show that their benchmark is
highly challenging, as the top performing systems on Spider achieve a very low per-
formance on their benchmark. The three state-of-the-art NL-to-SQL systems tested
on ScienceBenchmark are T5-Large, SmBoP, and ValueNet, where T5 (Text-to-
Text Transfer Transformer) is a large language model that allows adaptability to
a variety of NLP tasks (in this case, text-to-SQL) (Raffel et al., 2020), SmBop
(Semi-autoregressive Bottom-up Semantic Parsing) is a parser that uses RAT-SQL
(an encoder framework that uses relation-aware self-attention) as encoder and a
bottom-up decoder (Rubin and Berant, 2021), and ValueNet is an end-to-end NL-
to-SQL system largely based on IRNet, which uses schema-linking and intermediate
representations to tackle the mismatch between the intention expressed in the nat-
ural utterance and the query produced (Brunner and Stockinger, 2021; Guo et al.,
2019).

Regarding the domain generalization issue, Wang et al. (2021) pointed out that
little attention has been dedicated to learning algorithms which promote domain
generalization, with most existing approaches instead relying on standard supervised
learning. Moved by this motivation, they proposed a meta-learning framework which
targets zero-shot domain generalization for semantic parsing, as illustrated in Figure
11. They showed that even when parsers are augmented with pre-trained models,
e.g., BERT, their method can still effectively improve domain generalization in terms

of accuracy.

All the above-mentioned challenges have been addressed to varying extents by
recent advancements in text-to-SQL research, but there is still room for improve-
ment in achieving accurate and robust conversion from natural language to SQL
queries. The current thesis mainly addresses the problem of domain generalization
by attempting the application of two exemplary text-to-SQL systems on a complex

linguistics relational database.
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@ database: concert singer

@ {Show all countries and the number of singers in each country. }

[
saL { SELECT Country, count(*) FROM Singer GROUP BY Country}

g database: farm Test

@ Please show the different statuses of cifies and the average
opulation of cities with each status.

)
sag [SELECT Status , avg(Population) FROM City GROUP BY Status}

Figure 11: In zero-shot semantic parsing, during the training phase, a parser is
exposed to examples related to the concert singer database. However, during the
testing phase, it must generate SQL queries for questions that are related to a

previously unseen database, namely the farm database (Wang et al., 2021).
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4 Datasets

This thesis aims at analyzing the applicability of two exemplary but yet powerful
text-to-SQL systems, namely IRNet and SmBoP. Both have been trained and tested
on the Spider dataset.

In this thesis, only the pretrained models are deployed, which means that no
re-training is performed. For evaluation of the research question, the inference is
performed on the DIRNDL database. The main challenge arises in its intrinsic com-
plex structure, comprising a macro and a micro layer, linguistic annotations, and
multiple schemas. The Spider and DIRNDL datasets are described in the following

subsections.

4.1 Spider

Spider? is a cross-domain semantic parsing and text-to-SQL dataset developed at
Yale University. It consists of 10,181 sample questions and is annotated with 5,693
unique SQL queries, extracting information from 200 databases with multiple tables,
covering 138 different domains. The 200 databases have been collected from three
resources. First, about 70 databases from different college database courses, SQL
tutorial websites, online csv files, and textbook examples have been collected. Sec-
ond, about 40 databases have been collected from Database Answers, which contains
over a thousand data models across different domains. These data models contain
only database schemas, hence they have been converted into SQLite, and populated
using an online database population tool. Finally, the remaining 90 databases have
been created based on WikiSQL. The databases in Spider have been developed and
encoded using the SQLite database engine(Yu et al., 2018).

The data fields in the training and development sets json files are as follows:

e db_id: database name;

’https://yale-lily.github.io/spider
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e question: NL question to be interpreted into SQL;
e query: gold SQL query corresponding to the NL question;
e query_toks: list of tokens of the query;

e query_toks no_value: list of tokens of the query with the omission of the
explicit values if existing (e.g. if the query contains the clause “WHERE age

> 257 here it would become [“where”, “age”, “>" “value”));
e question_toks: list of tokens of the NL question;

e sql: parsed version of the SQL query broken down in its various components

as a nested dictionary.

In comparison with other previously-developed datasets for semantic parsing and
text-to-SQL, Spider entails a large level of both complexity and diversity, quantified
by the number of different SQL operations within the samples and the domain diver-
sity of databases. Indeed the text-to-SQL datasets ATIS, GeoQuery, and Academic
contain each only one database and most of them contain less than 500 unique SQL
queries, which leads to the fact that models trained on these datasets are prune to
bad generalization across different domains. Differently, the WikiSQL dataset has a
large number of SQL queries and tables, but it is very simple, meaning that all SQL
queries are basic and not particularly articulated, and each database in the dataset
is a single table without any foreign key. The discrepancy between Spider and the

other mentioned datasets is illustrated in Figure 12.

The Spider dataset has been created and made available for the Spider challenge,
where the goal is to develop NL interfaces to cross-domain databases. In Spider,
different complex SQL queries and databases appear in train and test sets. Hence,
to achieve high test scores, systems must generalize well across different SQL queries
and database schemas. In order to analyze the difficulty and demonstrate the purpose
of the corpus, Yu et al. (2018) initially experimented with several state-of-the-art
semantic parsing models, with the best model achieving only 12.4% exact matching

accuracy in the database split setting, which suggested that there would be large
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— WikiSQL
—— Spider
—— Academic

Figure 12: Spider spans the largest area in the chart. The large amount of diverse

operations demonstrates its higher complexity (Yu et al., 2018).

room for improvement. Eventually, this lead to considerable research efforts aimed at
enhancing existing text-to-SQL systems or developing new ones which could perform

well on this benchmark.

4.2 DIRNDL

DIRNDL (Discourse Information Radio News Database for Linguistic Analysis)
is an annotated corpus resource based on news broadcasts from the German ra-
dio station Deutschlandfunk, which has been prepared for the investigation of the

interfaces between prosody, information status and syntax (Eckart et al., 2012).

The database contains two primary datasets, namely spoken data in the form of
audio files and a written version of each broadcast (Eckart, 2017). The total length
of the audio files is of approximately five hours, performed by five male speakers and
four female speakers. They were annotated for pitch accents and prosodic bound-
aries following GToBI(S) (Mayer, 1995). The transcribed broadcast manuscripts
comprise of 3221 sentences, annotated for referential information status (given-new
distinction), following the RefLex annotation scheme from Riester and Baumann
(2017).

The annotation layers are hence the results of two different processing pipelines,

3https://www.ims.uni-stuttgart.de/en/research/resources/corpora/dirndl/
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namely one from the spoken primary data to prosodic annotations, and the other
from the written primary data to recursive information status labels. When primary
data is processed in different annotation pipelines, conflicting tokenizations tend to
arise (Chiarcos et al., 2009). In the case of DIRNDL, the processing of the data in dif-
ferent pipelines introduces indeed deviations. In the prosodic pipeline, the term “to-
kens” refers to items that are actually pronounced. This introduces an uneven treat-
ment of punctuation symbols. For instance, hyphens, as in EU-Auflenbeauftragter
(EU High Representative), are silent and are omitted in the speech data transcrip-
tions. Conversely, the comma symbol in a numerical expression like 6,9 becomes a
distinct token and is transcribed as the word “Komma.” Opting for only one of the
primary datasets results in a loss of information during processing, and removing
segments of the speech data like fillers or slips of the tongue is not recommended.
To address disparities between the primary datasets and variations in the outputs
of the processing pipelines, links between the tokens generated by each pipeline are
established, as shown in Figure 13. This approach allows retaining as much infor-
mation as possible in the corpus and facilitates the extraction of data for studying
specific phenomena (Eckart et al., 2012). The alignment of spoken discourse and
its written counterpart in a database which bridges over the slight deviations be-
tween the two versions allows formulating complex queries that involve syntactic,

information-structural, and prosodic properties (Riester and Piontek, 2015).

It is also relevant to highlight that in order to systematically annotate infor-
mation status within complex news language, an analysis of syntactic structure is
indispensable in order to highlight hierarchical relations. As referential expressions
are often embedded inside each other, so are information status labels, which cannot
be adequately represented within a linearly organised phonetic analysis tool. For this
reason, the written manuscripts were parsed with the XLE system and the German
LFG-grammar by Rohrer and Forst (2006).

The two types of data are aligned in a generic relational database management
system described in Eckart et al. (2010) (Eckart et al., 2012). Indeed, to be able
to run SQL queries that support linguistic hypotheses and retrieve linguistically

significant statistics from the annotated data, the DIRNDL corpus was loaded into
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(word): Bundesprasident (word): Kéhler (word): hat (word): das (word): Geselz

T T

-0 (word): Bundesprasident (word): Kéhler (word): hat (word): das
1
1 (word): ich (word): korrigiere
1
(word): Bundeskanzler (word): Kahler (word): hat (word): das

Figure 13: This example shows the primary (solid) and the secondary (dashed) links
between the tokens from the written version (white), namely Bundeskanzler Kéhler
hat das ich korrigiere Bundesprasident Kohler hat das..., and the spoken version
(grey), namely Bundesprasident Kéhler hat das Gesetz..., of a sentence piece from
DIRNDL (Eckart et al., 2012).

the B3 database (B3DB), implemented based on PostgreSQL 4.

The B3DB has evolved in several years and has been successfully applied in
several projects, as in fact it was developed to allow for a generic treatment of
different resources. Indeed, to test the tools’ applicability, the current work uses
a set of NL formulations and SQL queries which are available as they were used
in the study from Riester and Piontek (2015), which made use of the B3DB in-
frastructure (Eckart, 2017). In this study the authors investigate relative givenness
(Wagner, 2006) on the DIRNDL corpus and show that it is not givenness (defined
as availability in the previous discourse context) that causes a modified noun in an
adjective-noun combination to be deaccented. They also demonstrate that the claim
from Wagner (2006) that the reason for deaccentuation is the presence of a local al-
ternative (relative givenness) must be adapted, since also discourse-new nouns may
be deaccented (Riester and Piontek, 2015). An example of query made available

from this study is shown in Listing 1 in Section 6.

In-depth explanations of the B3DB structure are provided in Eckart (2017).

Nevertheless, it is important to highlight some major design decisions.

‘https://www.postgresql.org/
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First, the database is conceptually divided into a macroscopic and a microscopic
layer, which is indeed reflected in the data structures as each table is either part of
the micro or the macro layer. The macro layer and some parallel tables from the
micro layer B3DB are conceptually visualized in Figure 14. The micro layer contains
generated annotations as structured and searchable information and generic object
relation structures (structures of typed objects and relations appear on the micro
layer with the tables “node”, “edge”, and “graph_type_definition”). Diversely, the
macro layer contains process metadata, generated annotations as workflow objects,
information about tools (for instance the version of the database), and generic object
relations (structures of typed objects and relations appear on the macro layer with

the tables “obj_definition”, “obj_relation”, and “type_definition”).

A second major decision connected to this is the one of separating objects from
contents. This is done in order to avoid unbalanced tables, as sometimes the bare
existence of an object has to be declared, while other times the objects actually
denote a content and the content could possibly be of huge dimensions. For this
reason, an “obj_content” table is introduced on the macro layer, into which content
strings are inserted and referenced by respective entries in the “obj_definition” table

with a foreign key.

Third, all annotations on the micro layer are graphs, and each structure is
mapped to the concept of nodes and edges, which are stored in respectively-named
tables on the micro layer. Their entries are typed to allow a distinction among

different groups of nodes and edges.

The last thing worth mentioning in terms of design choices is that the data
structures of the micro-layer are based on the structures proposed by LAF ISO
24612:2012, an ISO standard on the Linguistic Annotation Framework (LAF) (see
Section 2.4), its XML-serialization GrAF, the Graph Annotation Format, and an
extension by Kountz et al. (2008) (Eckart, 2017). Standard formats play indeed an
important role in interoperability and tend to be used to exchange data between
more resource-specific formats without losing information in the process of mapping
(Stede and Huang, 2012). The LAF data model introduces a layered graph struc-

ture, where graphs consist of nodes, edges and annotations, and accommodates all

38



standard annotation layers found in linguistic corpora. The referencing of primary
data is established by encoding their minimal addressable unit, be it characters for
textual representation or frames for video data. As a result, multiple modalities are
encompassed. This makes the LAF data model particularly well suited for the appli-
cations of the DIRNDL corpus which has two types of primary data (Eckart, 2017).
In relation to this, it is worth noting that schemas have been built to represent

DIRNDL more closely to its actual annotation layers.

For the purposes of this thesis, not the totality of the B3DB structure that
encodes the DIRNDL corpus is taken into account, but only a simplified sub-part

of it. More details are provided in Section 9.
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VERSIONED_TABLE

macro layer

. obj_relation
atomic_type source_id bigint
atomic_type_id bigint target_id bigint
name text rel_type bigint
grp text grp text
supertype_id bigint created timestamp wtz
descr text invalidated timestamp wtz
created timestamp wtz admin_info name attribute
invalidated timestamp wtz fid bigi
admin_info name ;ettFI name tégltnt
— attr:value text
created timestamp wtz
v ‘ invalidated timestamp wtz
3 ) admin_info name
PTiype definftion ob.j_‘deﬁnltlon B _!
type_def id bigint obj_id bigint
obj_descr text
name text - .
obj_type bigint
grp text -
- arp text —
ref_idl bigint . .
ref id2 bigint content_id bigint _
operator op.typ created timestamp wtz obj_content
created tim-estamp wiz .‘andvrili:sai;ig 't.:;nn?;tamp wtz Cﬂl’l:en:_ld :ngltnt
invalidated timestamp wtz = _— (c:rQ:a::d tien:Estamp wiz
admin_info name A A P :
normal form text |nva!|da_tsd timestamp wtz
= Y L admin_info name
tool_type
obj_id bigint
type_def_id bigint
temporary_tree
node_id bigint
parent_id bigint
edge bigint
visit integer

created ttimestamp wtz
= Ainvalidated timestamp Wtz S L L L L L L E E R
admin_info name . .
micro layer Tink
node_id bigint
node_graph bigint
region_id bigint
» — < ‘r ’
7| graph_type_definition l =T .
graph_type def id bigint : L region
name  text nade_id bigint region_id bigint
grp text graph_id bigint content_id bigint
ref idl bigint node_descr te_xF start_anchor text
ref id2 bigint node_type bigint end_anchor text
operator op_typ e text < mode text
created timestamp wtz A -
invalidated timestamp wtz
admin_info name
— .
A . edge
: . closure
source_id bigint de id bici
. source_graph bigint node_| igint
graph_atomic_type target_id bigint node_graph bigint
graph_atomic_type_id bigint target_graph bigint subnode_id bigint
name text edge_type bigint subnode_graph bigint
grp text arp text path_length bigint
supertype_id bigint edge id bigint closure_name text
descr text
created timestamp wtz
invalidated timestamp wtz
admin_info name

Figure 14: Partial representation of the B3DB schema where the macro layer and

some parallel tables from the micro layer are shown (Eckart, 2017).
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5 Tools

To test the adaptability and performance of pretrained models on the unseen multi-
layered annotated DIRNDL relational database, two text-to-SQL systems trained on
Spider are deployed. Based on the open-source availability of both the model imple-
mentation and the pretrained weights, the Intermediate Representation Network
(IRNet)® and Semi-autoregressive Bottom-up Semantic Parsing (SmBoP)® systems
are selected within the scope of this thesis. Both networks are therefore briefly in-

troduced and explained in the following.

5.1 IRNet

IRNet is a neural approach for complex and cross-domain text-to-SQL, which aims
to address two main challenges in text-to-SQL tasks, namely the mismatch between
expressed intents in NL, and the columns prediction hardship caused by a greater
number of out-of-domain words (Guo et al., 2019). Differently from other approaches,
IRNet decomposes NL into three phases instead of an end-to-end synthesis of the
SQL query. The first step consists in a schema linking process over a database schema
and a question, where schema linking means to identify references of columns, tables

and condition values in NL queries, as exemplified in Figure 15 (Lei et al., 2020).

IRNet uses SemQL, which is a semantic query language that serves as an inter-
mediate representation between SQL and NL. An illustrative example of SemQL is

given in Figure 16a, whereas the context-free grammar is displayed in Figure 16b.

The model architecture includes a NL encoder, a schema encoder and a decoder,
as shown in Figure 17. The NL encoder takes the NL input and encodes it into
an embedding vector. These embedding vectors are there used to construct hidden
states using a bi-directional LSTM. The schema encoder takes database schema as
input and outputs representations for columns and tables. Finally, the decoder is

used to synthesize SemQL queries using a context-free grammar. When the decoder

5Code is available at: https://github.com/microsoft/IRNet
6Code is available at: https://github.com/0OhadRubin/SmBop
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Question: Find the names of schools that have a
donation/with amount above 8.5.

Schema:  opgol endowment

id |namé Ilocaﬁon id | school_id | amount

foreign key

SQL  select t2.name

Query: from endowment as tl join school as t2

on tl.school_id = t2.id
where tl.amount > 85

Show the ids and details of the investors who have
a transaction with type code "sale".

investor transaction
id | details id [investor_id | type_code

. . foreign key
select t1.id , tl.details
Jfrom investors as tl join transactions as t2
on tl.id = t2.investor_id
where t2.type_code = "sale"

Figure 15: Two examples of schema linking. Column, table and value references

are marked in red, yellow and green, respectively. The arrows of column and table

references indicate their respective referents in the schema. For value references, the

arrows point to the columns they compare with (Lei et al., 2020).

Z
|
R
—
Select Filter
A e
A and Filter Filter

—1 —1 A

none T > A = A
/
name /l\ ‘\
none C T count C T
friend | | ‘
grade *
highschooler friend

(a) An illustrative example of
SemQL. Its corresponding natural
language question is “Show the
names of students who have a grade
higher than 5 and have at least 2
friends” (Guo et al., 2019).

Z u=intersect R R | union RR | except RR | R
R ::= Select | Select Filter | Select Order
| Select Superlative | Select Order Filter
| Select Superlative Filter

Select :=A|AA|AAA|AAAA|AA A
Order s:=asc A | desc A
Suerlative ::=most A | least A

Filter ::= and Filter Filter | or Filter Filter
|>A|>AR|<A|<AR
|=A|=2AR |=A|=AR
|#A | #AR | between A
| like A | not like A|in AR |notin AR

A x=maxC T|minCT |count CT
|sumC T|avg CT |noneCT

C == column
T = table

(b) The context-free grammar of
SemQL. column ranges over distinct
column names in a schema, table
ranges over tables in a schema (Guo

et al., 2019).

Figure 16: SemQL context grammar and example.



Column: vyear | book tittle | --- title

Schema Encoder Type: Exact Exact Partial Memory

Match Match Match Table: book club | movie 1 book title
E. ommm L] L] E¢ [ | 2 year
book title year
Memory Memory
Decoder Schema o Schema
Zw=R R u=Select Order Selecti=AA A= NoneCT bookclub A :=NoneCT year  bookclub Order = decs A book club

ApplyRule ApplyRule ApplyRule ApplyRule SelectColumn SelectTable ApplyRule  SelectColumn  SelectTable  ApplyRule SelectColumn  SelectTable

: HX

b s Embedding
NLEncoder mmmm ssm =am GEEE NN GINN NN NN ;. ] - . - Encoder Units

Question: Show | the | book titles | and years for all books in descending | order | by year mmmmm Decoder Units

Type: none ! none Column none Column none none Table none none none none Column

Figure 17: An overview of the neural model to synthesize SemQL queries. Basically,
IRNet is constituted by an NL encoder, a schema encoder and a decoder. As shown
in the figure, the column ‘book title’ is selected from the schema, while the second

column ‘year’ is selected from the memory (Guo et al., 2019).

is going to select a column, it first makes a decision on whether to select from the
memory or not, and then selects a column from the memory or the schema based
on the decision. Once a column is selected, it will be removed from the schema and
be recorded in the memory. IRNet yields a significant improvement of 19.5% over
previous benchmark models by achieving 46.7% exact match (EM) accuracy at test

time on the Spider dataset.

5.2 SmBoP

SmBoP is a model that uses a RAT-SQL encoder (Wang et al., 2020a) on top of the
GraPPa (Yu et al., 2020), another pre-trained encoder tailored to semantic parsing.
The RAT-SQL encoder provides a joint contextualized representation of the input
(i.e. the utterance and the database schema), and uses relational-aware self-attention
(Shaw et al., 2018) to encode the structure of the schema and other prior knowledge

on relations between encoded tokens.

While the standard decoding method in recent years has mostly been to decode

the output SQL query token-by-token from left to right or to decode the abstract
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Algorithm 1: SMBOP

input: utterance x, schema S
X, S < Encoderar(z, .S)
Zy + Top-K schema constants and DB values
fort < 0...7T — 1do
Z{ < Attention(Z, X, X)
Fyy1 < Score-frontier(Z;)
Fii1 « argmaxy(Fiy)
Zy41 < Represent-beam(Z;, F{ ;)

[~ IS - N L

=

return arg max, (Zr)

Figure 18: The SmBoP algorithm (Rubin and Berant, 2021).

name age 60 | actor

t=0 name “age (actor

Figure 19: Hlustration of the tree decoding process at different heights (t) (Rubin
and Berant, 2021).

syntax tree of the target program in a top-down manner, bottom-up decoding has
not received significant attention. However, the semi-autoregressive bottom-up de-
coder implemented in SmBoP is shown to counteract two drawbacks of the standard
practice, namely the fact that the decoding steps is linear in the size of the gold
SQL query (since it is a token-by-token decoding), and the fact that the decoder
hidden state that is output in every decoding step corresponds to the prefix of the
SQL query that has been decoded so far, and this representation does not have any
clear semantics (Rubin and Berant, 2021). In SmBoP, after encoding the input, the
decoder iteratively constructs the top-K abstract sub-trees, representing the query
creation process. This process, visualized in Figure 19, leads to logarithmic inference
time, rather than linear, since all trees of height t are decoded in parallel. Moreover,
the representation that is held at every time step corresponds to well-formed and

meaningful semantic trees. The SmBoP algorithm is shown in Figure 18.
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name

> actor > K
age 60 name age 60 actor
(a) Unbalanced tree (b) Balanced tree

Figure 20: An unbalanced and balanced relational algebra tree (with the “KEEP”
operation) for the utterance “What are the names of actors older than 607”, where
the corresponding SQL query is “SELECT name FROM actor WHERE age > 60”
(Rubin and Berant, 2021).

Note in Figure 19, that the trees are not directly built with SQL syntax. Indeed,
SQL is not well-suited for semantic parsing due to the mismatch between SQL and
NL, hence they use relational algebra (Codd, 2001) in the decoding process. The
rationale behind the use of relational algebra as intermediate representation is similar
to Guo et al. (2019)’s decision of using SemQL, as both these query languages have
a better alignment with NL. Rubin and Berant (2021) have additionally introduced
a “KEEP” operation in the relational algebra grammar, which does not change the
semantics of the subtree it is applied on, but only ensures that the distance from
the root to all leaves is equal and hence the trees are balanced, as illustrated in
Figure 20.

The EM accuracy of SmBoP on the Spider test dataset is of 69.5%, which is
comparable to the EM score of the standard RATSQL+GraPPa architecture, which
is 69.6%. In terms of Execution Accuracy, namely whether the executed SQL query
maps to the correct answer in the database, SmBoP reaches a score of 71.1%, out-
performing by roughly three percentage points the highest-scoring model in terms

of Execution Accuracy on Spider.
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6 Methodology and Contributions

The approach adopted in the current thesis is an application approach, where the
main challenge and the main contribution is a qualitative analysis on what modifica-
tions on the DIRNDL database structure are necessary in order to make the IRNet
and the SmBoP deployable in a way that they can retrieve linguistically significant

information and hence possibly ease linguistic research.

The task is challenging since the Spider dataset contains 200 databases with one
schema each, comprising relatively low numbers of tables, and with tables’/columns’
names and values of straightforward interpretation. Moreover, the schemas of the
databases are represented in SQLite format. On the other hand, the DIRNDL corpus
encoded in the B3 database contains four schemas of respectively three, five, eight,
and thirty tables, each with a varying number of columns that are sparsely popu-
lated, and where the table and column names and the value types do not allow for
a straightforward interpretation. For instance, a node can be in DIRNDL a prosody
token or a terminal or non-terminal node in a syntax tree, or other. In addition to

this, the B3 database was implemented for PostgreSQL.

These aspects constitute the first and main challenge, namely bringing data
structures modifications, for instance moving tables from some schemas to others
and renaming columns and tables, as well as transferring from one RDBMS to

another, with eventual changes in the syntax.

Furthermore, the SmBoP and IRNet systems take question-schema pairs as in-
puts, for instance (“What is the name of the players that scored more than 30 goals
in 2018?77, “soccer”). Given that DIRNDL contains four schemas, and given that
they come into play together for several linguistic queries for which I intend to per-
form inference, as shown in Listing 1, this is an additional challenge to investigate

in the current thesis.

The methodology approach intended here is one of gradual adaptation, meaning
that the modifications will be divided in gradual levels of complexity and the anal-

ysis of results will also follow this multi-step workflow. Hence, the first step of this
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thesis is to obtain a format of the DIRNDL dataset that is at least partially (for
instance, just with regards to one schema instead of all four directly) deployable as
input for the IRNet and SmBoP systems. Also the attempts of inference will first be
based on very simple requests. Once a positive outcome is reached, more challenging
structure modifications and information requests will be taken into account. For this

reason, Section 9 is divided in sub-sections of incremental complexity level.

select NT.graph_id, NT.node_id, NT.cat
, array_agg(T.word)
, array_agg(T.pos)
from syntax_nonterminal_nodes NT
, closure C
, syntax_terminal_nodes T
where NT.cat like ’DP[%’
and C.node_id = NT.node_id and C.node_graph = NT.graph_id
and C.subnode_id = T.node_id and C.node_graph = T.graph_id
group by NT.graph_id, NT.node_id, NT.cat
having every(T.pos not like ’A[%’); --(boolean_and)

Listing 1: Exemplary SQL query for the information need “Get all DPs without an
adjective” in the DIRNDL database.
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7 Input Formats

The first step in this thesis is the analysis of the input structure of the two systems.
SmBoP uses the original Spider dataset in the original format. In particular, the
dataset directory in the system contains (among other files related to training) a
database sub-directory. This sub-directory contains one folder for each database in-
stance, and each folder contains the [db_name/.sqlite file. In most cases, a schema.sql
file with SQL statements to create the database is also provided together with the
sqlite file. In addition to this, there is a file named tables. json which contains a
description of the tables and columns of each Spider database and the respective

primary and foreign keys.

CREATE TABLE "captain" (

"Captain_ID" int,

"Name" text,

"Ship_ID" int,

"age" text,

"Class" text,

"Rank" text,

PRIMARY KEY ("Captain_ID"),

FOREIGN KEY ("Ship_ID") REFERENCES "Ship"("Ship_ID")
)3

CREATE TABLE "Ship" (
"Ship_ID" int,

"Name" text,

"Type" text,
"Built_Year" real,
"Class" text,

"Flag" text,

PRIMARY KEY ("Ship_ID")
)

INSERT INTO "Ship" VALUES (1,"HMS Manxman","Panamax","1997","KR","Panama");

INSERT INTO "Ship" VALUES (2,"HMS Gorgon","Panamax","1998","KR","Panama");

INSERT INTO "Ship" VALUES (3,"HM Cutter Avenger","Panamax","1997","KR","Panama");
INSERT INTO "Ship" VALUES (4,"HM Schooner Hotspur","Panamax","1998","KR","Panama");
INSERT INTO "Ship" VALUES (5,"HMS Destiny","Panamax","1998","KR","Panama");

INSERT INTO "Ship" VALUES (6,"HMS Trojan","Panamax","1997","KR","Panama");

INSERT INTO "Ship" VALUES (7,"HM Sloop Sparrow","Panamax","1997","KR","Panama");
INSERT INTO "Ship" VALUES (8,"HMS Phalarope","Panamax","1997","KR","Panama");
INSERT INTO "Ship" VALUES (9,"HMS Undine","Panamax","1998","GL","Malta");

INSERT INTO "captain" VALUES (1,"Captain Sir Henry Langford",1,"40","Third-rate ship of the line","Midshipman");
INSERT INTO "captain" VALUES (2,"Captain Beves Conway",2,"54","Third-rate ship of the line","Midshipman");
INSERT INTO "captain" VALUES (3,"Lieutenant Hugh Bolitho",3,"43","Cutter","Midshipman");

INSERT INTO "captain" VALUES (4,"Lieutenant Montagu Verling",4,"45","Armed schooner","Midshipman");

INSERT INTO "captain" VALUES (5,"Captain Henry Dumaresq",5,"38","Frigate","Lieutenant");

INSERT INTO "captain" VALUES (6,"Captain Gilbert Pears",2,"60","Third-rate ship of the line","Lieutenant");
INSERT INTO "captain" VALUES (7,"Commander Richard Bolitho",3,"38","Sloop-of-war","Commander, junior captain");

Listing 2: Schema of the Spider database ship_1.
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To illustrate the concept, Listing 2 shows the schema.sql file of the database
ship_1, and this same database instance is represented in the tables. json file, as

shown in Listing 3.

{
"column_names": [
-1, ",
[0, "captain id"],
[0, "name"],
[0, "ship id"],
[0, "age"],
[0, "class"],
[0, "rank"],
[1, "ship id"],
[1, "name"],
[1, "type"l,
[1, "built year"],
[1, "class"],
[1, "flag"]
1,
"column_names_original": [
-1, "x"],
[0, "Captain_ID"],
[0, "Name"],
[0, "Ship_ID"],
[0, "age"],
[0, "Class"],
[0, "Rank"]l,
[1, "Ship_ID"],
[1, "Name"],
[1, "Type"l,
[1, "Built_Year"],
[1, "Class"],
[1, "Flag"]
1,
"column_types": ["text", "number", "text", "number", "text", "text", "text", "number", "text", "text", "number", "text", "text"],
"db_id": "ship_1",
"foreign_keys": [[3, 711,
"primary_keys": [1, 7],

"table_names": ["captain", "ship"],

"table_names_original": ["captain", "Ship"]

Listing 3: Instance of the Spider database ship_1 in the tables. json file.

By observing Listing 3, it can be noticed that column_names (key 0) has a value
that is a list of sublists, where each sublist contains a number representing the table
index and a column name. The first sublist represents the * function, which selects
all columns, and has index -1. Then, for instance, the next six sublists, namely |0,
“captain id”], [0, “name”], [0, “ship id”], [0, “age”], [0, “class”], [0, “rank”] indicate

7

that the columns “captain id”, “name”, “ship id”, “age”, “class”, “rank” belong to

the table with index 0.
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Column_names_original (key 1) is the equivalent of column_names, but the col-
umn names are stated precisely like the original ones, so in this case with underscores
and uppercase letters.

Column_types (key 2) specifies the datatype for every column described in col-
umn_names and in columns_names_original.

Db_id (key 3) specifies the database id name.

Foreign keys (key 4) lists the foreign keys relations present in the database. In
this case there is only a foreign key relation between the column with index 3 and
the one with index 7. Index 3 corresponds to “ship id” in the table “captain”, while
index 7 corresponds to “ship id” in the table “ship” (and it is the primary key in
this table).

Primary keys (key 5) specifies which the primary keys are, namely the columns
corresponding to the indices 1 and 7 in column_names, hence “captain id” and “ship
id”.

Table_names (key 6) specifies the table names just like column names does for
the columns. In the description of column_names, the concept of table index was
already introduced. With respect to this database, the table with index 0 is “cap-
tain”, whereas the one with index 1 is “ship”.

Table_names_original (key 7) specifies the original table names just like
column_names_original does for the column names. The official Spider GitHub repos-
itory provides a script to produce the corresponding tables. json file given a schema

as input .

Another Spider file which is relevant for the current thesis is the dev. json file,
which is a list of dictionaries where each dictionary contains a development set
instance. Listing 4 shows a development instance. Here, db_id (key 0) states the
database id name. Query (key 1) represents the gold SQL query corresponding to
a certain natural language question (which is found in key 4). Query_toks (key 2)
and question_toks (key 5) represent the tokenized versions of the query and ques-

tion respectively. Query_toks_no_value (key 3) represents the tokenized query but

"Script can be found at: https://github.com/taoyds/spider/blob/master/preprocess/
get_tables.py
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omitting the specific values in case they appear in the query. For instance, if the
query included the condition “WHERE age > 25", the “25” would be only repre-
sented by the word “value” in query_toks_no_value. Last, sql (key 6) represents the
parsed result of this SQL query. This parsed version of the SQL query is the output
of another script provided in the original Spider repository ®, which breaks down

the components of the query in the form of a dictionary.

{
"db_id": "concert_singer",
"query": "SELECT count(*) FROM singer",
"query_toks": ["SELECT", "count", "(", "x", ")", "FROM", "singer"],
"query_toks_no_value": ["select", "count", "(", "x", ")", "from", "singer"],
"question": "How many singers do we have?",
"question_toks": ["How", °‘many", "singers", "do", "we", "have", "?"],
"sql": {

"from": {"table_units": [["table_unit", 1]], "conds": [1},
"select": [false, [[3, [0, [0, O, falsel, nullllll,
"where": [],

"groupBy": [],

"having": [],

"orderBy": [J,

"limit": null,

"intersect": null,

"union": null,

"except": null

}

Listing 4: Instance of the Spider dev. json file based on the concert_singer database.

The input format of IRNet is of less trivial interpretation compared to SmBoP.
The data which the IRNet authors indicate to use to run the system consist of the
GloVe file containing the GloVe word embeddings, a tables. json file, a dev. json
file, and a train. json file. However, while tables. json has the same structure as
the original Spider file as described earlier, the dev. json and train. json files are
the result of a IRNet-specific processing method and hence have a different struc-
ture. While the training-related data are not relevant for the current thesis, it is
important to point out the extent to which the IRNet dev. json format differs from

the original Spider one.

8Script can be found at: https://github.com/taoyds/spider/blob/master/process_sql.py
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"db_id": "concert_singer",
"query": "SELECT count(*) FROM singer",
"query_toks": ["SELECT", "count", "(", "%", ")", "FROM", "singer"],

"query_toks_no_value": ["select", "count", "(", "x", ")", "from", "singer"],
"question": "How many singers do we have?",

"question_toks": ["How", "many", "singers", "do", "we", "have", "?7"],

"sql": {

"from": {"table_units": [["table_unit", 1]], "conds": [1},
"select": [false, [[3, [0, [0, O, falsel, nulllll]l,
"where": [],

"groupBy": [],

"having": [],

"orderBy": [J,

"limit": null,

"intersect": null,

"union": null,

"except": null

},

"names": ["x", "stadium id", "location", "name", "capacity", "highest", "lowest", "average", "singer id", "name", "country", "song
name", "song release year", "age", "is male", "concert id", "concert name", "theme", "stadium id", "year", "concert id",
"singer id"],

"table_names": ["stadium", "singer", "concert", "singer in concert"],

"col_set": ["#", "stadium id", "location", "name", "capacity", "highest", "lowest", "average", "singer id", "country", "song name"
, "song release year", "age", "is male", "concert id", "concert name", "theme", "year"l,

"col_table": [-1, 0, 0, O, 0, O, O, O, 1, 1, 1, 1,1, 1,1, 2,2,2,2,2,3,3],

"keys": {

"8t 1,

"1,

"21": 8,

"8": 8,

"20": 20,

"15": 15

1,

"origin_question_toks": ["How", "many", "singers", "do", "we", "have", "7"],

"question_arg": [["how"], ["many"], ["singer"l, ["do"], ["we"l, ["have"l, ["?"1],
"question_arg_type": [["NONE"], ["NONE"], ["table"]l, ["NONE"], ["NONE"], ["NONE"]l, ["NONE"1]l,
"nltk_pos": [

["how", "WRB"],

["many", "JJ"],

["singer", "NN"],

["do", "VBP"],

["we", "PRP"],

["have", "VB"],

[ree, vl

1,

"rule_label": "Root1(3) Root(5) Sel(0) N(0) A(3) C(0) T(1)"

Listing 5: Instance of the IRNet dev. json file based on the concert_singer database.

As shown in Listing 5, there are some extra keys compared to the original Spider
dev.json file. Indeed, after sql (key 7) there is names (key 8), which specifies the
column names in order. Then, there is table_names (key 9) which specifies the table
names. Then, there is col_set (key 10), which specifies the column names avoiding

repetitions (only distinct values). Then, there is col_table (key 11) which specifies
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the index of the table which each column from names (key 8) belongs to; the “*”
column is assigned index -1. Keys (key 12) specifies key-value pairs where each key
is a column index and the value is the primary key which the column has a relation
to. Origin_question_toks (key 13) shows the tokenized version of question (key
5). Question_arg (key 14) shows not only the tokenized version of question, but
it also normalizes the tokens. Question_arg type (key 15) is a list of the same
length as question_arg and states the type of argument or entity corresponding to
each element in question_arg; for instance, “singer” is a table, and hence “[table]” is
to be found at the corresponding index in the question_arg_type list. Nltk_pos (key
16) shows the POS tags of the question tokens based on the segmentation found
in question_toks. Rule_label (key 17) shows the result of a parsing rule applied to
generate the SQL query from the NL question.
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8 Evaluation Methods

The evaluation of SQL parsing models involves measuring the ability to correctly
translate NL questions into SQL statements. This concept can be broken down into
two main types of metrics, namely Exact Match (EM) and Execution (EX) Accuracy.
EM evaluates whether the generated queries exactly match the gold queries, while
EX evaluates the correctness of generated answers based on the execution results.
It is important to point out that SQL is flexible in syntax, meaning that there are
multiple ways to build a query which in the end outputs the correct information,

hence EX is generally considered a more meaningful metric (Liu and Tan, 2023).

In the context of the current thesis, the performance of the two systems on the
DIRNDL database can be evaluated using the official Spider evaluation script °

evaluation script or with a custom script.

The Spider evaluation script first loads the data containing the NL questions
and their corresponding gold SQL queries, and it parses the SQL statement into its
fundamental components, like SELECT, WHERE, and others. The queries predicted
by the systems are then compared to the gold queries using a series of evaluation
metrics, namely EM accuracy, EX accuracy, partial match accuracy, recall, and F1-

score. These metrics are defined as follows:

e EM Accuracy: the percentage of queries for which the predicted SQL matches
the gold SQL exactly and completely.

e EX Accuracy: evaluation of the functional correctness of the predicted SQL by
executing both the predicted and gold SQL statements on the database and

comparing the results.

e Partial Match Accuracy/Recall/F1 score: the accuracy/recall/F1 score of in-
dividual SQL components by comparing each component of the predicted SQL
to the corresponding component in the gold SQL. Each component of the SQL

query is compared separately, which involves comparing;:

9Script can be found at: https://github.com/taoyds/spider/blob/master/evaluation.py
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— SELECT columns;

— SELECT columns ignoring any aggregate functions like SUM or COUNT;
— WHERE conditions;

— WHERE conditions ignoring the operators like > or =;

— GROUP BY columns ignoring any HAVING clause that might follow;
— GROUP BY columns including any HAVING clause that might follow;
— ORDER BY criteria;

— AND/OR operators used in the WHERE clause;

— INTERSECTION, UNION, EXCEPT, and NOT IN operations;

— keywords on the whole.

Category Components
WHERE, GROUP BY, ORDER BY, LIMIT,
JOIN, OR, LIKE, HAVING.

Group B EXCEPT, UNION, INTERSECT, NESTED.

number of agg > 1, number of select columns >

Group A

Group C 1, number of where conditions > 1, number of

group by clauses > 1.

Table 2: SQL Hardness Criteria.

As shown in Figure 21, in addition to the evaluation results according to the
above-mentioned metrics, the output of the Spider script also displays the pairs of
gold and predicted queries categorized in various hardness levels. Considering the
three groups of SQL components stated in Table 2, the hardness levels are defined

as follows:

1. Easy (or low):

e the SQL key words have zero or exactly one element from group A and
the query does not satisfy any conditions in group C. No element from

group B is included.
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2. Medium:
e SQL satisfies no more than two rules in group C and does not have more
than one word from group A and no word from group B.
or
e SQL includes exactly two words from group A and less than two rules in
group C, and no word from group B.
3. Hard:
e SQL satisfies more than two rules in group C, with no more than two
words in group A and no word from group B.
or

e The number of key words from group A is at least two but maximum
three, and the query satisfies no more than two rules in group C, but no

word in group B.
or

e SQL has no more than one word from group A and no rule in group C,
but exactly one word from group B.

4. Extra hard:

e All other configurations left.

Nevertheless, the official evaluation script presents some limitations and does not
take into account for instance n-gram overlap between the gold and predicted queries.
For this reason a custom evaluation script has been developed, which provides a
detailed comparison of various components of the SQL queries, such as keywords,

arguments, and WHERE clause elements.

This evaluation is performed by analyzing the structural elements of the queries

and computing their similarity using set operations and n-gram overlap techniques.
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AND syntax_terminal_nodes.word = 3

1. medium pred: SELECT prosody_nodes.word FROM prosody_nodes, syntax_terminal_nodes WHERE prosody_graph.filesequence

=1

1. medium gold: SELECT word FROM syntax_terminal_nodes WHERE s_num = 3 AND seq = 1

2. easy pred: SELECT COUNT(*) FROM prosody_nodes WHERE prosody_nodes.word LIKE ’%3%’

2. easy gold: SELECT MAX(seq) FROM syntax_terminal_nodes WHERE s_num = 3

3. medium pred: SELECT prosody_nodes.word FROM prosody_nodes WHERE prosody_nodes.ts = 3

3. medium gold: SELECT pos FROM syntax_terminal_nodes WHERE s_num = 3 ORDER BY seq

4. medium pred: SELECT syntax_terminal_nodes.pos FROM prosody_nodes WHERE prosody_nodes.word = 3

4. medium gold: SELECT pos FROM syntax_terminal_nodes WHERE s_num = 3 AND seq = 1

5. easy pred: SELECT prosody_graph.graph_id FROM prosody_graph WHERE prosody_graph.filesequence = 3

5. easy gold: SELECT graph_id FROM syntax_graph WHERE s_num = 3

6. medium pred: SELECT prosody_nodes.word FROM prosody_nodes WHERE closure.closure_name = ’dlf-nachrichten-200703262000’

6. medium gold: SELECT word FROM prosody_nodes WHERE tone = ’NONE’ AND filesequence = ’dlf-nachrichten-200703262000’

7. easy pred: SELECT is_target_syn_root.is_label FROM node WHERE node.node_id = 900514

7. easy gold: SELECT is_label FROM is_target_syn_root WHERE syn_root_id = 900614

8. medium pred: SELECT node.node_type FROM node WHERE node.node_id = 900620

8. medium gold: SELECT node_type, grp FROM node WHERE node_id = 900620

9. medium pred: SELECT edge.edge_type FROM edge WHERE edge.source_id = 56666 AND edge.target_graph = 56690

9. medium gold: SELECT grp FROM edge WHERE source_id = 56666 AND source_graph = 1349 AND target_id = 56690

10. easy pred: SELECT graph_type_definition.name FROM graph_type_definition

JOIN node ON graph_type_definition.graph_type_def_id = node.node_type
WHERE syntax_nonterminal_nodes.tiger_node_id = ’tigerXML_node’
10. easy gold: SELECT name FROM graph_type_definition WHERE grp = ’tigerXML_node’
easy medium hard extra all

count 4 6 0 0 10
EXECUTION ACCURACY

| execution T T 0000~ Too00 ~~ "|owooo " Toooo "~ "|ooo0o "]
EXACT MATCHING ACCURACY

| exact matecn " " T 777 0000~ Too000 = "|ooo0o " Toooo "~ "|ooo0 "]
PARTIAL MATCHING ACCURACY

| select T T T T T T o750 [ o033 | 0000 T o000 | 0500 |
select(no AGG) 0.750 0.333 0.000 0.000 0.500
where 0.250 0.167 0.000 0.000 0.200
where(no OP) 0.250 0.167 0.000 0.000 0.200
group(no Having) 0.000 0.000 0.000 0.000 0.000
group 0.000 0.000 0.000 0.000 0.000
order 0.000 0.000 0.000 0.000 0.000
and/or 1.000 0.667 0.000 0.000 0.800
IUEN 0.000 0.000 0.000 0.000 0.000
keywords 0.750 0.833 0.000 0.000 0.800
PARTIAL MATCHING RECALL

| select T T T T T [ 0750 [ 0333 | 0.000 [ 0000 | 0500 |
select(no AGG) 0.750 0.333 0.000 0.000 0.500
where 0.250 0.167 0.000 0.000 0.200
where(no OP) 0.250 0.167 0.000 0.000 0.200
group(no Having) 0.000 0.000 0.000 0.000 0.000
group 0.000 0.000 0.000 0.000 0.000
order 0.000 0.000 0.000 0.000 0.000
and/or 1.000 1.000 0.000 0.000 1.000
IUEN 0.000 0.000 0.000 0.000 0.000
keywords 0.750 0.833 0.000 0.000 0.800
PARTIAL MATCHING F1

S o750 [ o033 | 0000 ~  Towoo0 |7 0500 |
select(no AGG) 0.750 0.333 0.000 0.000 0.500
where 0.250 0.167 0.000 0.000 0.200
where(no OP) 0.250 0.167 0.000 0.000 0.200
group(no Having) 1.000 1.000 0.000 0.000 1.000
group 1.000 1.000 0.000 0.000 1.000
order 1.000 1.000 0.000 0.000 1.000
and/or 1.000 0.800 0.000 0.000 0.889
IUEN 1.000 1.000 0.000 0.000 0.000
keywords 0.750 0.833 0.000 0.000 0.800

Figure 21: Exemplary output of the official Spider evaluation script for Experiment

1 of Section 9.
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The output of this custom evaluation script '° for the first query produced by the
SmBop system for the first question of Experiment 1 (explained later in Section 9

and in Table 3) is shown in Figure 6.

The script contains an extract_clause_components function, which parses SQL
queries to extract essential components, including keywords (e.g., SELECT, FROM,
WHERE), arguments (e.g., column names, table names), and elements within the
WHERE clause (e.g., columns, operators, values). This function utilizes the sql-
parse library to tokenize the query and identify relevant components. It handles
nested queries and recognizes aggregate functions (e.g., MAX, COUNT) and logical
operators (e.g., AND, OR, IN).

The similarity between two sets A and B of extracted components is calculated
using the Jaccard similarity coefficient. This measure is defined as the size of the

intersection divided by the size of the union of the sets

Similarit |AN B

imilarity = ———;
Y= AU B

where |A N B| is the number of elements common to both sets, and |A U B| is the

total number of unique elements in both sets. The calculate_similarity function

implements this formula, providing a quantitative measure of similarity ranging from

0 to 1, where 1 indicates identical sets.

To capture more nuanced differences, the script also calculates n-gram overlap
between sets of components. The calculate ngram overlap function decomposes
each component into n-grams (substrings of length n, set to 3 in this case) and
computes the overlap between the sets of n-grams. This approach helps in identifying

partial matches and structural similarities beyond exact matches.

The evaluate_similarity function reads gold standard queries and predicted

queries from input files, extracts their components, and computes similarity scores

10The script can be found in Appendix B and at: https://github.com/mariavittoriaateri/
MasterThesis/blob/main/dirndl_eval.py
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for keywords, arguments, and WHERE clause elements. It then prints detailed simi-
larity metrics, including both Jaccard similarity and n-gram overlap, for each pair of

queries. This function facilitates a comprehensive comparison by providing insights

© 0 N3O W N

I I T T O
A O NP O©®NTO G A WN RO

into which components match and which do not.

Query 1 similarity:
Keyword similarity: 1.00
Keyword n-gram overlap: 1.00
Argument similarity: 0.33
Argument n-gram overlap: 0.21
Operator similarity: 1.00
Operator n-gram overlap: 1.00
Gold keywords: { s s }
Predicted keywords: { s s }
Gold arguments: { , s
Predicted arguments: { s }
Gold operators:
Predicted operators:
WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.07
Operator similarity: 1.00
Operator n-gram overlap: 1.00
Value similarity: 1.00
Value n-gram overlap: 0.00
Gold WHERE columns: { s ¥
Predicted WHERE columns: { s }
Gold WHERE operators: { s }
Predicted WHERE operators: { s }

M
ot

[V
[}

Gold WHERE values: {’1’, }
Predicted WHERE values: {’1’, }

Listing 6: Exemplary output of the custom evaluation script for the first predicted

query in Experiment 1 of Section 9.

Last, in order to effectively observe the results of the execution of the predicted
SQL queries, an execution script has been developed. This script takes three argu-
ments, namely the path to the .sqlite database from which it is supposed to retrieve
the information, the path to the .sql file containing the predicted queries, and the

name of the output file to be written.
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9 Experiments

Three experiments are conducted in the current thesis to observe the performance
potential of the IRNet and SmBop systems on the DIRNDL.

Although the three versions of database used in the three experiments display
some differences, they all share a common base architecture for which a description
follows. Indeed, the DIRNDL database has to be adapted to a type of format that can
be processed as input by the two systems and the systems’ performance evaluation

method.

The B3DB representing the DIRNDL corpus is implemented based on Post-
greSQL and the schemas were built to represent DIRNDL as close as possible to its
actual annotation layers. On a less abstract level this means that when accessing
the DIRNDL corpus B3DB in PostgreSQL, one can observe the presence of four
schemas, each of which encompasses a comprehensive representation of the data

model, reflecting the structure and relationships inherent in the underlying data.

The first schema is the nuc schema, containing 5 tables. This schema contains
mainly information on which words contain nuclear and prenuclear accents and the

tone sequences of words in the corpus sentences.

The second schema is the public schema, containing 30 tables. This schema
is the main skeleton of the database, since all the graphs representing different
annotation layers in the other three schemas map to the entities defined in this
schema. For instance, the prosody nodes table in the reflex schema contains the
columns filesequence, graph_id, node_id, ts, word, tone, accents, and here the values
graph_id and node_id are inherited from and mappable to the node table in the
public schema, which belongs to the micro layer of the B3DB and has the aim of

uniquely defining the node entities.

The third schema is the reflex schema, containing 8 tables. This schema contains

(morpho)syntactic and prosodic information, as well as information status labels.

The fourth schema is the syl schema, containing 3 tables. This schema mainly

contains information on pitch accents at the syllable level.

61



Before diving into the technical modifications carried out, it is relevant to high-
light again that the main motivation of this thesis is to analyze and test the appli-
cability of the two text-to-SQL systems on the DIRNDL in order to aid information
retrieval in linguistics research, in this case based on the case study of the pa-
per “Anarchy in the NP. When new nouns get deaccented and given nouns don’t”
(Riester and Piontek, 2015). Based on this, the modifications carried out involve
only a sub-part of the database, which concretely means that a piece of database
is extracted from the bigger structure and it includes only a subset of tables and
relations, which have been processed in order to be used as input into the systems.
Subsequently the performance of the systems is tested with a set of questions of
variable complexity in the three experiments. Figure 22 shows the sub-part of the
database taken into account for the first experiment, which also corresponds to the
ground architecture used for the second and third experiments, as further explained
in the corresponding sections. This database includes 7 tables from the reflex schema,
namely syntax_graph, syntax_terminal nodes, syntax nonterminal nodes, is_graph,
is_target_syn_root, prosody_graph, and prosody_nodes, and 4 from the public schema,
namely graph_type_definition, node, edge, and closure. A short explanation follows.

For better readability, every time a table is introduced, it is in bold print.

Starting from the bottom of Figure 22, three tables can be seen. Syntax_graph
contains 3221 values of graph_id and 3221 values of s_.num (which stands for “sen-
tence number”), as each of the 3221 sentences in the corpus is represented as a graph
and hence has one corresponding graph_id.

The same graph_id - s_.num pairs appear in both the syntax_nonterminal nodes
and the syntax_terminal nodes tables. Nevertheless, in syntax_terminal nodes the
3221 distinct values appear as many times as many words exist in the corpus, and
each word is connected to a node_id and has a corresponding part-of-speech (pos)
tag. For instance, if the first sentence has nine words, then each word has its own
node_id and pos, but all nine share the same corresponding s num and graph_id.
The seq column contains values which correspond to the indices of words. For in-
stance, if the first sentence starts as “Der Iran will [...]”, then Der has seq=1, Iran

has seq=2, will has seq=3, and so on. Last, both syntax_terminal nodes and syn-
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tax_nonterminal_nodes contain syntactic information based on the TIGER annota-
tion scheme (Uszkoreit et al., 2003) and for this reason they both have a tiger node_id
attribute. In the case of syntax_terminal nodes a tiger_node_id could for instance
have the value of s1_1, and this would mean that this tiger node is the one cor-
responding to the first word (_1) of the first sentence (s1). The interpretation of
syntax_nonterminal nodes is similar to syntax_terminal nodes, but the main differ-
ence lies in the fact that here the values of node_id do not correspond to the words of
the corpus sentences, but to the non-terminal nodes building the syntax trees which
have words as their terminal nodes. Last, cat assigns a syntactic category based on
a LFG-grammar (e.g. ROOT, Cbar, NP, etc.) to each non-terminal node of each

syntactic tree.

Observing now the top right corner of the diagram, the tables is_graph and
is_target_syn_root are displayed. They contain information on information status
(is). Is_graph contains a total of 5488 graph_id values, where half of these corre-
spond to the lexical layer (stated as DIRNDL-RefLex-L-2013-10-25_is.xml in the
layer column), while the other half corresponds to the referential layer (stated as
DIRNDL-RefLex-R-2013-10-25_is.xml in the layer column). All the 5488 distinct
graph_id values appear also in is_graph_id in the table is_target_syn_root. This ta-
ble also has a s_.num column, which has 2774 distinct values, each of which repre-
senting a sentence number. However, not the totality of the corpus sentences has
been annotated, which explains why they are 2774 instead of 3221 in this case.
Each sentence exists as representation on the referential layer (R-layer) graph and
on the lexical layer (L-layer) graph. This means that each snum value has two
distinct is_graph_id associated to it. Then, the specific lexical or referential status
annotation (e.g. “L-NEW” | “R-GENERIC”, etc.) is represented in the is_label col-
umn. It can be said that the graph_id - layer pairs from the is_graph table have
a projection on the is_target_syn_root table as is_graph_id - is_label pairs. As far
as syn_root_id is concerned, the values found in this column correspond to the val-
ues of node_id either in syntax_terminal nodes (when the is_label value concerns
the L-layer) or in syntax nonterminal nodes (when the is_label value concerns the

R-layer). In the case of syntax_nonterminal nodes, both single words and phrases
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can be labeled. This correspondence between syntax_terminal nodes and L-layer and
syntax_nonterminal_nodes and R-layer does not hold in the totality of the cases, as
some rare outliers exist. Nevertheless, it can be stated that each value in syn_root_id
corresponds to a terminal or non-terminal node from the two syntax nodes tables,
and following the same logic, the values in syn_graph_id correspond to the ones
of graph_id in the syntax nodes tables and hence also in the syntax graph table
(which also means that each syn_graph_id matches one s.num). Last, each value
in is node_id is a representation at the level of the information status graph of a
syn_root_id node. The column is_node_descr contains values which are identifiers re-
sulting from the application of the SALSA annotation tool (Burchardt et al., 2006)

and paired to the respective is_node_id.

On the left of the diagram the tables prosody_graph and prosody_nodes can
be observed. Prosody_graph contains 55 distinct pairs of filesequence - graph_id val-
ues, where each filesequence represents one of the news files that make up the corpus,
and since each of these is represented as a graph, it also has a graph_id connected to
it. In the prosody_nodes table one can find all the words contained in these news files
and the timestamp (ts) showing when the word was pronounced. Every word has
its correspondent node_id and annotations about the tone and accents of the word
itself. Each word corresponds to a certain filesequence - graph_id pair. For instance,
there could be a sentence starting as “Der Iran will...” | which is contained in the file
dfl-nachrichten-20070325000, which corresponds to the graph_id with value 74471;
this would mean that the individual words der, Iran, will all map to this filesequence

- graph_id pair in the prosody_nodes table.

The last tables left to describe are the ones which are originally part of the public
schema, and hence the core part of the B3DB.
The node table contains information about all the nodes that are part of the various
graphs representing different types of annotations (e.g. the graph representing the
annotation about the syntactic structure of the sentences). Each node has a unique
node_id and a reference to the graph object it belongs to (graph_id). Nodes can also
carry a node description (node_descr), for instance an important part of the anno-

tation or information on the order of the nodes. Nodes are also typed, which means
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that they have a node_type attribute which references graph_type_def.id from the
graph_type_definition table. Each value in graph_type_def_id is a numeric id associ-
ated to a value in the name column, which describes the entity type with a keyword.
For instance, the node with node_id = 900620 in the node table has the attribute
node_type = 145. This node_type value is to be found also in graph_type_def_id in the
graph_type_definition table, and by observing the corresponding value in the name
column, the meaning behind the value “145” can be understood. In this example,
the node type 145 means “non-terminal node”. The node table also contains a grp
attribute, which references the homonymous column in the graph_type_definition
table and has a function similar to the name attribute, with the difference that it
introduces a classification into broader groups. For instance, a value of grp can be
tiger XML _node or bitpar_node, to signal that a certain node results from the appli-
cation of a certain parser or tool, but omitting more fine-grained specifications. In
other words, the group of a node (grp) mostly denotes the annotation layer a node
belongs to. The attribute node_descr describes the node in the more narrow sense,
e.g. if a node is a tigerXML node, then its node description can be for instance
s1.525, which is an identifier for a syntactically annotated node in the TIGER-XML

encoding.

The node table is closely connected to the graph_type_definition table, as
stated earlier. Indeed, the type - group pairs of the tables node and edge refer
to this table, which was developed with the task of storing all the entity types
and groups. In addition to this, the table contains metadata about the resource
information, for instance the admin name and the creation date. Last, the table
contains an operator attribute and two ref_id attributes. This is due to the fact that
in some cases a type can be combined by means of subtypes (ref id1,ref id2) and a
specific operator taking one of the values from {id, neg, or, and}. Types with “id”

as operator are types which do not result from the combination of subtypes.

The node and graph_type_definition tables are also closely connected to the edge
table. Indeed, as mentioned in 2.4, LAF introduces a layered graph structure where
graphs consist of nodes, edges and annotations, and the nodes and edges are stored

in respectively named tables, with their entries being typed to distinguish differ-
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ent groups of nodes and edges (Eckart, 2017). The edge table stores the source_id
and target_id values, as well as source_graph and target_graph values, which have
a correspondence respectively with node_id and graph_id in the node table. In this
setting with only a sub-part of the database, the role of the edge table is particularly
important because it connects the prosody_nodes table to the syntax_terminal nodes
table. Indeed, as explained earlier, prosody_nodes contains a node_id column, where
each value identifies one word, and it also contains a graph_id identifying the news
file that contains a certain number of nodes and hence words. All the node.id -
graph_id pairs from prosody_nodes are stored as source_id - source_graph pairs in
the edge table and also as node_id - graph_id pairs in the node table. Conceptu-
ally, the nodes in prosody_nodes are the source nodes mapping to the the nodes
in syntax_terminal nodes, which can be considered as the target nodes encoding
syntactic information (see Section 4.2). All the node_id - graph_id pairs from syn-
tax_terminal_nodes are stored as target_id - target_graph pairs in the edge table and
also as node_id - graph_id pairs in the node table. The edge_id is unique and a nu-
meric identifier is assigned to a new edge. However some edges are not annotated,
and in such cases the the edge_id is not strictly necessary. Annot_id and annot_graph

are necessary attributes if some type of annotation on the edge itself exists.

To conclude, it is relevant to also state that syntax terminal nodes and syn-
tax_nonterminal nodes are connected to each other. Indeed, the node_id - graph_id
pairs in syntax_terminal nodes are stored as subnode_id - subnode_graph pairs in
the closure table and also as node_id - graph_id pairs in the node table. Similarly,
the node_id - graph_id pairs in syntax nonterminal nodes are stored as node_id -
node_graph pairs in the closure table and also as node_id - graph_id pairs in the
node table. Building a transitive closure is one of the possible approaches that allow
traversing deep structures like graphs or trees, and this is exactly the reason why
a closure table exists in the database. Indeed, the closure table stores the path in
the graph from a start node (node_id - node_graph) to a target node (subnode_id -
subnode_graph). The givenness of the path length is optional but present in most of
the cases and stored as path_length attribute. Each closure must also have a name

(in the closure_name column).
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GRAPH_TYPE_DEFINITION
graph_type_def_id
name
EDGE —— are IS_GRAPH
source_id ref_id1 graph_id
f_id2
source_graph ref_i layer
target_id operator
target_graph created
annot_id invalidated
— — IS_TARGET_SYN_ROOT
annot_graph admin_info
is_graph_id —
edge_type
is_node_id
arp -
edge_id is_node_descr
is_label
s_num
syn_graph_id
syn_root_id
PROSODY_GRAPH
—  filsequence
—  graph_id
NODE
node_id CLOSURE
PROSODY_NODES graph_id node_id
— filesequence node_descr node_graph
— graph_id node_type subnode_id
i bnod h
node_id ap subnode_grap
path_length
closure_name

ts

word
tone
accents
SYNTAX_NONTERMINAL_NODES SYNTAX_TERMINAL_NODES
graph_id —T graph_id
s_num 1 —t— s_num
node_id node_id
tiger_node_id tiger_node_id
cat word
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seq

SYNTAX_GRAPH

graph_id

s_num

Figure 22: DIRNDL database tables and foreign key relations included in Experiment
1. The red lines show the foreign keys that map to graph_id in the node table; the
blue lines show the foreign keys that map to node_id in the node table; the black

lines show the foreign keys that map to other entities.
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9.1 Experiment 1

The first experiment involves the first step of adaptation of the DIRNDL database,
in which a subset of tables, columns, and foreign key relations has been extracted
from the original database, and an initial set of questions of low-medium complexity
shown in Table 3. The database structure is shown in Figure 22. As specified in
the official Spider page !, the SQL queries are classified in four levels of increasing
hardness, namely “easy”, “medium”, “hard”, and “extra hard”. The decision of
using a set of easy and medium hardness queries as first experimental data stems
from the fact that the “easy” category is very restrictive and too limiting. The
hardness classification and the evaluation methods adopted are described in detail

in Section &.

9.1.1 Evaluation of Experiment 1

This section presents the results obtained from this experiment and how they con-

tribute to the overall research objectives.

An overview of the NL questions, the gold and predicted queries, as well as
the hardness classification for the current experiment is shown in Table 4. As it
can be observed in the table, while the overall performance of both systems is not
satisfactory and neither system achieves perfect accuracy, the analysis of individual
components reveals some insights into where the models perform better and where

they struggle.

The IRNet system demonstrates a reasonably good performance in identifying
the main SQL keywords such as SELECT, FROM, and WHERE. Most queries have
a keyword similarity score around or above 0.75, with some reaching 1.00, indicating
that the structure of the queries is often correctly recognized. However, it tends to
insert JOIN clauses even when they are not needed. However, the identification of
arguments (such as table names and columns) shows more variability and gener-

ally lower similarity scores compared to keyword identification. In particular, the

Uhttps://github.com/taoyds/spider
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evaluation of WHERE clause components reveals specific challenges:

e column similarity: scores are consistently low, with many queries having a
column similarity of 0.00. This indicates difficulty in correctly identifying which

columns are being queried;

e operator similarity: although there are occasional perfect scores (e.g., query 5
from Table 4), the overall performance is inconsistent. The model sometimes
correctly identifies operators like = but fails with others, and interestingly it
tends to use the LIKE operator instead of the = operator quite often without
following a pattern. It is not the case, for example, that the LIKE operator

appears more often with text instead of digits or the other way around;

e value similarity: the model frequently fails to match the correct values in the

WHERE clauses, resulting in low similarity scores across the board.

Interestingly, the observation of n-gram overlap in similar column names indi-
cates that refining the model to better understand context-specific naming con-
ventions or modifying the database to ease the task for the models could lead to
improved performance in argument identification. Indeed, a pattern can be observed
in all queries. This pattern consists in the fact that the system selects some tables
or columns which are not the same as the gold ones, but they have a partial lexical
overlap, for instance the FROM clause in the gold query 2 from Table 4 selects
the syntax_terminal nodes table, whereas the respective predicted query selects the
prosody_nodes table. For further details, the whole evaluation output of the IRNet

system in this experiment is shown in Listing 8 in Appendix B.

The SmBop system also demonstrates a reasonably good ability to identify SQL
keywords, often achieving perfect or near-perfect scores, and in contrast to the IRNet
system, it tends to make less use of JOIN clauses. The recognition of arguments is
less consistent and generally achieves lower similarity scores, but nevertheless overall
better than IRNet. As far as the WHERE clause is concerned, the operator similarity
is quite high and also the value similarity scores outperform the IRNet ones, as shown

in Figure 23. However, similarly to IRNet, column similarity scores are consistently
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B smeop B RNet

0
Argument similarity avg (MC) Column similarity avg (WC)  Value similarity avg (WC)

Figure 23: Average percentile scores produced by the systems with regards to ar-
gument similarity in the main clause (MC), and column and value similarity in the
where clause (WC).

low. Moreover, also in the case of SmBop the system tends to select wrong columns
and tables which still have a partial lexical overlap with the gold standard. For
instance in the first predicted query (visualized in Table 4) an example of a table
swap due to columns with the same name (namely “word”, which appears both in
syntax_terminal nodes and in prosody_nodes) can be observed. For further details,
the whole evaluation output of the SmBop system in this experiment is shown in

Listing 7 in Appendix B.

Figure 23 shows a summary of the experiment results highlighting the differences
between the two systems. This graph does not include the similarity scores of all
query components, but only of the three which are most significant for the current
research, namely argument similarity in the main clause, and column and value

similarity in the where clause.

Concerning what was defined in Section 8 as Execution Accuracy, both systems
perform poorly and fail almost completely to retrieve the correct information. The
only query which manages to partially retrieve the correct information is the query 8
produced by the SmBop system, which retrieves the correct value for the node_type

attribute but not for the grp attribute.
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group of node 9006207

node_id = 900620

Question Gold Query Gold Output
1. What is the 1st word of | SELECT word FROM syntax_terminal_nodes der

sentence number 37 WHERE s_num = 3 AND seq = 1

2. How many words does sen- | SELECT MAX(seq) FROM syntax_terminal nodes 20

tence 3 have? WHERE s.num = 3

3. What is the pos of each | SELECT pos FROM syntax_terminal nodes WHERE | D[std],

word in sentence 37 s.num = 3 ORDER BY seq Nlcomm)],

4. What is the pos of the first | SELECT pos FROM syntax_terminal nodes WHERE | Dstd]

word in sentence 37 snum = 3 AND seq = 1

5. What is the graph id of sen- | SELECT graph_id FROM syntax_graph WHERE 62632

tence number 37 snum = 3

6. Which words belonging | SELECT word FROM prosody nodes WHERE Bundeskanzlerin,
to the file dlf-nachrichten- | {ope = 'NONE’ AND filesequence = rechnet, ...
200703262000 have 1O |, 1 ¢ achri chten-2007032620007

marked tone?

7. What is the information | SELECT is_label FROM is_target_syn_root L-NEW

status label of node 9005147 WHERE syn_root_id = 900614

8. What is the type and the | SELECT node_type, grp FROM node WHERE 145,

tigerXML_node

9. What is the group of the
edge connecting the source
id 56666 and
source_graph 1349 to the tar-
get node with id 566907

node with

SELECT grp FROM edge WHERE source_id =
56666 AND source_graph = 1349 AND target_id

= 56690

tigerXML_edge

10. What is the name of the
type entities belonging to the

group tigerXML_node?

SELECT name FROM graph_type_definition

WHERE grp = ’tigerXML_node’

terminal,

nonterminal

Table 3: Initial test questions, the respective gold queries and the gold outputs of

the queries.
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NL Question Hardness Gold Query Predicted Query SmBop Predicted Query IRNet
1. What is the 1st word of sentence Medium SELECT word FROM syn- SELECT prosody-nodes.word SELECT T1.word FROM
number 37 tax_terminal_-nodes @WHERE s_num FROM prosody_nodes WHERE prosody-nodes AS T1 JOIN node
=3 AND seq =1 prosody_graph.filesequence = 1 AND AS T3 JOIN is_target_syn_root AS T2
syntax_terminal_nodes.word = 3 WHERE T2.is_label like 1
2. How many words does sentence 3 Easy SELECT MAX(seq) FROM syn- SELECT COUNT(*) FROM SELECT count (*) FROM
have? tax_terminal_nodes WHERE s_num = 3 prosody_nodes WHERE prosody_nodes AS T1 WHERE T1.word
prosody_nodes.word LIKE ’%3%’ like 1
3. What is the pos of each word in Medium SELECT pos FROM syn- SELECT prosody_nodes.word SELECT T1.pos FROM syn-
sentence 37 tax_terminal_nodes @WHERE s_num FROM prosody_nodes WHERE tax_terminal_nodes AS T1 JOIN
= 3 ORDER BY seq prosody_nodes.ts = 3 node AS T3 JOIN prosody-nodes AS
T2 WHERE T2.filesequence like 1
4. What is the pos of the first word Medium SELECT pos FROM syn- SELECT syntax_terminal_nodes.pos SELECT T1.pos FROM syn-
in sentence 37 tax_terminal_-nodes @WHERE s_num FROM prosody_nodes WHERE tax_terminal_nodes AS T1 JOIN
=3 AND seq = 1 prosody-nodes.word = 3 node AS T3 JOIN prosody-nodes AS
T2 WHERE T2.word like 1
5. What is the graph id of sentence Easy SELECT graph-id FROM syntax-graph SELECT prosody-_graph.graph_id SELECT T1.is_graph-id FROM
number 37 WHERE s_num = 3 FROM prosody_graph WHERE is_target_syn_root AS T1 WHERE
prosody_graph.filesequence = 3 T1l.syn_graph_id =1
6. Which words belonging to the file Medium SELECT word FROM prosody-nodes SELECT prosody-nodes.word SELECT T1.tone FROM prosody-nodes
dlf-nachrichten-200703262000 have WHERE tone = 'NONE’ AND FROM prosody-nodes WHERE clo- AS T1 WHERE T1.filesequence NOT IN
no marked tone? filesequence = ’dlf-nachrichten- sure.closure_name = ’dlf-nachrichten- (SELECT T2.node.id FROM node AS
200703262000’ 200703262000’ T2)
7. What is the information status Easy SELECT is_label FROM SELECT is_target_syn_root.is_label SELECT T1.is_label FROM
label of node 9005147 is_target_syn_root WHERE syn_root_id FROM node WHERE node.node.id = is_target_syn_root AS T1 WHERE
= 900614 900514 T1.is_.node_descr = 1
8. What is the type and the group Medium SELECT node_type, grp FROM node SELECT node.node_type FROM node SELECT T1.node_type,
of node 9006207 WHERE node_id = 900620 WHERE node.node_id = 900620 T2.isnode_.descr FROM node AS
T1 JOIN is_target_syn_root AS T2
WHERE T2.is_.node_id = 1
9. What is the group of the edge Medium SELECT grp FROM edge WHERE SELECT edge.edge_-type FROM edge SELECT T1l.name FROM
connecting the source node with id source_id = 56666 AND source_graph = WHERE edge.source_.id = 56666 AND graph_type_definition AS T1 JOIN
56666 and source graph 1349 to the 1349 AND target_id = 56690 edge.target_graph = 56690 syntax_terminal_nodes AS T2 JOIN
target node with id 566907 prosody-nodes AS T3 WHERE
T2.node_id = 1 and T3.filesequence > 1
10. What is the name of the type Easy SELECT name FROM SELECT graph_type_definition.name SELECT T1l.name FROM
entities belonging to the group graph_type_definition WHERE grp FROM graph_type_definition graph_type_definition AS T1 JOIN
tigerXML node? = "tigerXML node’ JOIN node ON node AS T3 JOIN closure AS T2
graph_type_definition.graph_type_def_id WHERE T2.closure_name = 1
= node.node_type WHERE syn-
tax-nonterminal_nodes.tiger_-node_.id =
‘tigerXML_node’
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Table 4: Summary of Experiment 1. The first column displays the NL question, the second column specifies the
hardness level of the gold query (based on the Spider classification), the third column shows the gold query, and the

last two columns display the predictions output by the two systems.



9.2 Experiment 2

The second experiment starts from the observations made by analyzing the results
of Experiment 1 and is based on the database structure shown in Figure 24. This
new version of the database keeps the same primary key and foreign key relations
as in Experiment 1 but many column and table names have been changed on the
lexical level and are more explicitly indicating their function. This experiment aims
at understanding whether the systems are sensitive to lexical changes and possibly
perform better when the content of columns and tables is more explicit, for instance
when they are expressed with full words instead of abbreviations and when under-
scores divide more clearly the words. As an example, the table is_graph is rendered

as info_status_graph and the s_num column is rendered as sentence_number.

The set of questions is the same used for Experiment 1 and shown in Table 3,
with the only difference being that the names of columns and tables are adapted to

the new names as described in Figure 24.

9.2.1 Evaluation of Experiment 2

The evaluation methodology is the same outlined for Experiment 1. An overview of
the NL questions, the gold and predicted queries, as well as the hardness classifica-

tion for the current experiment is shown in Table 5.

Starting with the IRNet system, this one does not show a noteworthy difference
in performance compared to the results of Experiment 1. Indeed, half the queries
produced in Experiment 2 have the same structure and select the same arguments,
operators and keywords as in Experiment 1. The ones that show differences instead
do not follow a pattern, meaning that some have higher similarity scores in the
main SELECT clause but worse scores in the WHERE clause, whereas others show
the inverse behavior. What is interesting is that in both experiments the IRNet
system predicts the value “1”7 in all WHERE clauses. As far as the execution match
is concerned, the system fails completely to retrieve correct information with most
queries not retrieving information at all. For further details, the whole evaluation

output of the IRNet system for this experiment is shown in Listing 10 in Appendix B.
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GRAPH_TYPE_DEFINITION
graph_type_def_id
name
EDGE —— graph_type_group INFO_STATUS_GRAPH
source_node ref_id1 info_status_graph_id
source_graph ref_id2 layer
target_node operator
target_graph created
annot_id invalidated
— INFO_STATUS_TARGET_SYN_ROOT
annot_graph admin_info
info_status_graph_id —
edge_type
info_status_node_id
edge_group
info_status_node_descr
edge_id
info_status_label
sentence_number
syn_graph_id
syn_root_id
PROSODY_GRAPH
— file_sequence
r—prosody_graph_id
NODE
node_id CLOSURE
PROSODY_NODES graph_id supernode_id
l—  file_sequence node_descr supernode_graph
—prosody,graph,lld node_type subnode_id
prosody_node_id node_group subnode_graph
ts path_length
word closure_name
tone
accents
SYNTAX_NONTERMINAL_NODES SYNTAX_TERMINAL_NODES
syntax_nonterminal_graph_id l— syntax_terminal_graph_id
sentence_number —t —— sentence_number
syntax_nonterminal_node_id syntax_terminal_node_id
nonterminal_tiger_node_id terminal_tiger_node_id
category word
pos
sequence

SYNTAX_GRAPH

syntax_graph_id

sentence_number

Figure 24: DIRNDL database tables and foreign key relations included in Experiment
2. The red lines show the foreign keys that map to graph_id in the node table; the
blue lines show the foreign keys that map to node_id in the node table; the black

lines show the foreign keys that map to other entities.
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Figure 25: Average percentile scores produced by the systems with regards to ar-
gument similarity in the main clause (MC), and column and value similarity in the
where clause (WC).

As far as the SmBop system is concerned, a slight improvement can be noticed,
with even a perfect match and execution match on query 8 from Table 5. The
only query that shows an overall worse similarity score is query 1. Interestingly, the
predicted queries 1, 5, 6, and 7 show a higher structure complexity compared to the
corresponding predicted queries output in Experiment 1. Nevertheless, apart from
query 1, queries number 5, 6, and 7 show improvement in the similarity scores of the
WHERE clause. The other queries show overall higher similarity scores, especially
on the n-gram level. For questions 3 and 4 the system predicts the same query.
Regarding the execution, two queries show particularly interesting insights, namely
queries 8 and 10. Query 8 manages to output the correct information, whereas query
10 outputs partially correct information. Indeed, query 10 correctly selects “name”
from graph_type_definition and states the WHERE condition that “grp” (rendered
as node_group in this experiment) must correspond to “tiger XML node”; however, it
also adds an unnecessary JOIN clause. In the end the query returns 759,472 lines for
the column “name”, each being either “terminal” or “nonterminal”, which is not too
different from the gold output, with the only difference being that the gold output

would only consist of two lines where one contains the “terminal” name value and

5



one the “nonterminal” name value. For further details, the whole evaluation output

of the SmBop system for this experiment is shown in Listing 9 in Appendix B.

These results overall suggest that the IRNet system performance is only slightly
influenced by lexical changes in the database and also that these do not improve
the system’s performance to a great extent, whereas the SmBop’s performance is
more positively influenced by such lexical changes. This is also graphically shown
in Figure 25, which contains a summary of the experiment results highlighting the

main differences between the two systems.
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9.3 Experiment 3

The third and last experiment tests the systems on some queries originally used
in the context of the research which led to the paper “Anarchy in the NP. When
new nouns get deaccented and given nouns don’t” (Riester and Piontek, 2015).
Unfortunately the number of original queries which could be retrieved is limited,
but it still allows obtaining some insights into the capability of the systems to be
deployed in real-word database research settings. The set of questions used together
with the respective hardness level, gold query and predicted queries is shown in
Table 6. Unlike in the previous experiments, the gold outputs of the queries are
omitted here due to space matters. The complexity level of these questions and

queries is hard or extra hard, following the hardness definition given in Section 8.

The database structure used here is shown in Figure 26. It differs from the
structure used in Experiment 1 only for the presence of two new tables, namely
“sentences” and “terminal_and_prosody”, which are originally temporary tables used
in building sequential queries for the actual questions. The purpose of “sentences”
is to list all sentences with each one of them identified by its corresponding s_num,
whereas the purpose of “terminal_and_prosody” is to link prosody information for
each terminal node. These temporary tables are necessary since the few available

queries for this experiment demand information retrieval from them.

9.3.1 Evaluation of Experiment 3

The evaluation methodology is the same outlined for Experiments 1 and 2.

The IRNet system performs extremely poorly in this experiment. Indeed, it does
not manage to produce predicted queries for questions number 1, 2, or 4 from Table
6, but only for the question number 3. However, even this only one produced query
has a similarity and n-gram overlap score of almost 0.00 when compared to the gold
query. Furthermore, the produced query does not run correctly when executed in
SQLite as it causes a blockage. For further details, the whole evaluation output is

shown in Listing 12 in Appendix B.

78



On the other hand, the SmBop system performs better than the IRNet, al-
though the results are also not satisfactory. Indeed the similarity and n-gram over-
lap scores are overall low and the argument scores are never higher than 0.30. The
best-performing queries are the number 1 and 4, which are classified as hard queries
for their structures, whereas the queries number 2 and 3 are extra hard. An inter-
esting phenomenon can be observed in query number 1, namely here it can be seen
that the system fails to unpack the expression ’syntactic_leaf” and only states it as
a value in the WHERE clause. This supports the claim from Zhao et al. (2022) that
current systems still struggle to capture implicit or domain-specific terms in the NL
utterance and fail at mapping them to the correct tables and columns. As far as the
execution of the predicted queries is concerned, the first query raises an error related
to the INTERSECT operator, whereas the other three queries return no results. For

further details, the whole evaluation output is shown in Listing 11 in Appendix B.
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GRAPH_TYPE_DEFINITION
graph_type_def_id
name
EDGE —— graph_type_group INFO_STATUS_GRAPH
source_node ref_id1 info_status_graph_id -
source_graph ref_id2 Tayer
target_node operator
target_graph created
annot_id invalidated
— INFO_STATUS_TARGET_SYN_ROOT
annot_graph admin_info
info_status_graph_id —
edge_type
info_status_node_id
edge_group
info_status_node_descr
edge_id
info_status_label
sentence_number
syn_graph_id
syn_root_id
PROSODY_GRAPH
— file_sequence
+—prosody_graph_id
NODE
node_id CLOSURE
PROSODY_NODES graph_id supernode_id
l—  file_sequence node_descr supernode_graph
—prosody,graph,‘ld node._type subnode_id
prosody_node_id node_group subnode_graph
ts path_length
word closure_name
tone
accents
SYNTAX_NONTERMINAL_NODES SYNTAX_TERMINAL_NODES
syntax_nonterminal_graph_id T syntax_terminal_graph_id
sentence_number —t —— sentence_number
syntax_nonterminal_node_id syntax_terminal_node_id
nonterminal_tiger_node_id terminal_tiger_node_id
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sentence_array
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word
accents
filesequence
tone
ts

Figure 26: DIRNDL database tables and foreign key relations included in Experiment

3. The green tables are temporary tables.

80



"SwRsAs om) o) Aq ndino suorjorpard oY) AR[dSIp SUWN[0D 0M) }Se[
o1} pue ‘Aronb p[o8 o) smoys uwnjod pary) oY) ‘(uoryesyissed Iopidg o) o paseq) Arenb p[og o) Jo [0A9] ssouprey

oY) soyads wwN{od Puodss oY) ‘uorsonb N oY) sAedsip uwn[oo 481y oy J, ‘¢ Juewiiedxy Jo Arewrwung :9 S[qey,

(P8payul,
= di8-e8pe HUAHM Pl @0inosa8pe = pr-apou'sepou-Aposoid
ANV ydei8-901nos-a3pa = prydeid-sepou-Aposoad
NO sopou-Aposoad NIOr prjedie)-o3pe =
PIropou’sepou”[RUIMIIO) XRIUAS ANV ydei8-je31e)-03pe
= pr-ydei8-sopou-[eululIa)-Xejuls NO o8pa NIOr
sopou-[eUIULIa)"XRIUAS  JNOHJ PIopou'sepou-[RUTULIS)"XB)
prydeis-ydeis-xe) -ufds ‘prydeid-sepou[eururia) xejuls ‘sjuadde‘sopou-Aposoid
-ufs = prydeid-sepou-Aposoxd NO ‘ouoy sepou-Aposoxd ‘piom-sepou-Aposoxd ‘sopou Aposoad
ydeis-xejuls NIOr sopou-Aposoxd ‘sy'sopou-Aposoxd ‘prropoursepou-Aposoxd 979 0} paxUI[ SeA®RS[ D19
jndyno ou INOYA piom-sepou-Aposoxd LOATAS ‘prrydea8-sepou-Aposoid ‘eousnbess[y-sepou-Lposoird [, DHATHAS piey -oequUAs 9y} 199[[0D ‘¥
(T o1t prom gL, HUAHM
el Sy  sepou-Aposoxd
NIOl ?1 SV °pou NIOI %]V I sod sopou-[euruid)-xejuls GTHHHM
zL SY 28pa NOYA prydeiS-sopou-jeuriio) xejuds = ydeiS-opou-ainsod NV
proeoinos g1, LOHATAS) NI (:.%SdA%. AMIT YrSua[ 90uUajuas sa0uay Propou SopouUT[RUIWIf) " XBIUAS =  PI-opouqns-aInsoD  NO
ILON Prjop-odAy—ydeis 17, -ues AYIHM seouejues INOYA aInso[d NIQ[ sepou-[eulwtio) xeiuds NOYJ ydeid-epou-eins
HYAHM L SV (y18us[-oousjues se0oujues) X VI -o[o  ‘prepouainsopd I[OHATAS LJADXH %ldd. HIMIT
uorjruyep-adLy-ydeid LOATAS)!q1Sus|90uejuas seoua) 1€D'SOPOU~[RUTWLIJUOU-XRIUAS HHHHA SOPOU-[RUIULISIUOU-XEB)
NOYA pojeaId 1, -uos HYAHM S9OUDJUaS NOYA -ufs NOYA prydeiS sopou-feulmuIajuou-xXey aA1909[pe ue
LOATAS ARIIRT9OU9IUDS SOOUIIUDS LOATAS -ufs ‘Prropou’sepouUT[RUINIIOJUOU XRIUAS LOHATAS RIIXH moym sdd [[e 1°on '¢
wnu-s'Aposoxd-pue-peurua
-101 A9 HAAYO %% \\%. HMIT 2u03 ANV JHANON]/. =i sjued ea1q
o' YHHAM WNu-s'sedusjues = wnu-s'Aposord-pue-[eururia) 91} 210J9q PIOM BT} UO
Y rea[onuy,, AMIT NO seousjuas NIO[ Aposoid-pue-jeuruiay NOYJ Lelie-a0usy pa[eqe] SI juad0® IBa[d
piom sepou-Aposord HYHHM sepou-Aposoxd -uas ‘yjfus[-eousjues ‘eousanbasay ‘sy ‘ouoy ‘sjuedoe ‘piom ‘sod -nu Y} oIoyYm SuoI}
indjno ou WNOYA piom sepou-Aposoxd LOATAS ‘bos ‘winu~s'Aposoid-pue-[euliog ‘propou ‘prydeis [[DHATHAS RIIXH -eIN3Yuod I9AI[PJ g
o8po~yur], = di8-08pe HYHAHA Pr1081e) 03pa
Jeol o110euls, = odAy-epouopou FYHHM = propou‘sepou-eulwIa)~XeIuls NV ydeis-1o8i1e)o8pe
prepourapou = propoursepou-Aposoxd = pryderS-sepou-[euUlmIag~Xejuks N(QO SOPOU [RUIULID) X}
NO ©opou NIOr sepou Aposoxd NOYA -ufs NIOr proeoinos-o3pe = proepou-sepou-Aposoxd
piom-sepou-Aposord I,0HTHAS LOHSHHALNI ANV ydeiS8-eoinose8pe = prydeid-sepou-Aposord NO ‘seanjes) orposoxd
Jesl onoejudls, = adAj-epourepou HUHAHM 98pe  NIO[r sepou-Aposoxd JNQYJ Siusdde sepou-Aposord yym I19y10301 sopou
prepou‘apou = propou‘sepou-Aposoxd ‘ouoy sepou-Aposoxd ‘prom-sopou-Aposoid Jes] onoejuds  pue
NO ©opou NIOr sepou Aposoid JNOYA ‘sy'sopou-Aposoad ‘pPropou’sopouUT[RUIUIIN XB] Aposoad poyul]  jo
gndjno ou piom'sepou-Aposoird ‘prepourepou I[,DHTHS -ufs ‘prydeird sepou[RUIULIS) XRJULAS LOHATHAS piey IS ' wIngeyf ‘T
19NH]I L1any) pajoipaid doguwg Aiend) pejoipaad AKasng) pion sssupaeH uoijsen{) TN

81



82



10 Results

With regards to the first research question outlined in the introduction, this study
has shown that in order to apply text-to-SQL systems to a LAF-format database
and in general to a complex relational database, some extensive preprocessing is
needed, and most probably the input constraints do not allow to directly pass the
whole database as input, which leads the user to the need of extracting a subset of
the database structure and relations. Indeed, for the purposes of the current thesis,
a precise case study (Riester and Piontek, 2015) has been taken into account, and
based on that a subset of tables and relations from the DIRNDL D3DB database
has been extracted to create a new schema. In addition to this, the new PostgreSQL
schema needed to be converted in the respective SQLite version avoiding information

loss, since the two deployed systems are designed to take SQLite files as input.

These steps require users to already possess some knowledge about database
design and RDBMS, which goes against the primary reason behind this research,
namely to aid the linguistics research and support linguists and in general users who

are not specialized in the field of query languages and databases.

In addition to this, converting the NL questions and the data contained in the
database schema into the input format required by the systems based on the Spider
pipelines is a cumbersome and time-consuming process. With regards to the two
systems analyzed here, more preprocessing steps are involved in the IRNet rather
than in the SmBop. Moreover, the SmBop system provides a script which allows for
direct inference, whereas the IRNet does not. Nevertheless, the SmBop also provides
a script for indirect inference, meaning that a NL question together with its gold
query must be passed to the system in order to obtain a predicted query, which is
however produced only based on the NL question, and not on the gold query. This
indirect inference script gives the same outputs as the direct inference one. For this
reason it is assumed that the IRNet indirect inference script works analogously to
the SmBop one, but in contrast to SmBop, does not allow for a direct inference
script. For the purposes of the current thesis, this does not cause problems, since

an analysis based on a comparison with the gold queries is essential to effectively
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detect the weak and strong points of the systems. However, for a user that needs
the support of such systems to retrieve information in a fast and convenient fashion,
this is a drawback. Further research could address this with the development of
user-friendly interfaces that allow users to directly use existing text-to-SQL systems

for inference also based on unseen databases.

With regards to the quality of the systems’ output, which is the focus of the sec-
ond research question, both systems perform quite poorly overall, even when dealing
with easy information needs. However, when the names of columns and tables have
a lower n-gram overlap among each other, the systems improve their performance.
Nevertheless, this means involving further preprocessing before actually being able

to use the systems easily.

As far as the evaluation methodology is concerned, the qualitative analysis of
the systems’ predicted queries is made possible by the custom script developed in
the current work, which offers a granular approach to understanding the perfor-
mance of these systems. Indeed, by breaking down the similarity scores into distinct
components, the script provides valuable insights into where the system performs
well and where it could be enhanced. Moreover, the inclusion of n-gram overlap
as additional evaluation method adds a layer of precision, highlighting also more
subtle differences between the gold and predicted queries which might derive from
specific lexical features. Such a breakdown can be relevant for fine-tuning text-to-
SQL models, as it enables targeted improvements. Ultimately, this script helps to
diagnose and address issues in SQL generation, contributing to the development of

more accurate and reliable text-to-SQL systems.

Addressing the third research question, the SmBop system has a better perfor-
mance overall and has demonstrated being more sensitive both to lexical changes
in the database schema and to question complexity variations, which might indi-
cate that a neural architecture like the one in SmBop is better and more suitable
in the context of the current research. This is not counterintuitive, as SmBop’s
architecture is crafted to overcome the challenges found in traditional top-down,
autoregressive parsers, which is the category which IRNet falls in. The bottom-up,

semi-autoregressive strategy allows SmBop to improve efficiency and enhances the
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alignment between natural language input and query output. This approach makes
SmBop better suited for complex or large-scale semantic parsing tasks, resulting in

superior performance compared to IRNet.

More in detail, one key features that is the reason of success of the SmBop system
is that unlike traditional top-down approaches that generate the query from the
root to the leaves, SmBop starts by generating subtrees and then combines them to
form the complete SQL query. Moreover, this system generates multiple components
(subtrees) in parallel at each decoding step, which allows for faster processing, and
which contrasts with the fully autoregressive models that generate one token or
component at a time. Indeed, SmBop maintains a beam of top-K trees (subqueries)
at each step and iteratively refines them until the full SQL query is generated.
In addition to this, SmBop uses the RAT-SQL encoder, based on relational-aware
self-attention, to create joint representations of the natural language query and the
database schema. Indeed, the NL utterance is concatenated to a linearized form
of the database schema and this joint representation is passed through a stack of
transformer layers. The fact that this encoder allows for a joint contextualization

improves the model’s ability to align natural language with SQL components.

Furthermore, in both systems an intermediate representation that tackles the
problem of mismatch between NL and SQL is used, but whereas IRNet uses SemSQL,
SmBop uses algebraic trees. This might indicate that relational algebra is a better
intermediate representation language when bridging between NL and SQL. This
could be related to the fact that relational algebra is a standard query language
which is also widely accepted and used in real-world systems as it consists purely of
mathematical operators. On the contrary, SemQL is a formal query language, which
means that it is a newly created language designed for expressing database queries in
a way that is more aligned with logical concepts. The fact that it is a formal human-
crafted language might indicate that it is more prone to weaknesses especially in
cross-domain settings compared to mathematical operators for which ambiguity is
not an issue. This intuition is also supported by Guo et al. (2019), developers and
authors of the IRNet system, who state in the respective paper that “designing an

effective intermediate representation to bridge NL and SQL is a promising direction
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to being there for complex and cross-domain Text-to-SQL” (Guo et al., 2019).

Finally, to answer the last and main research question of this thesis, it is possible
to apply text-to-SQL systems on a linguistic relational database like the DIRNDL,
but this requires some extensive preprocessing and a partial simplification and/or
reduction of the database structure, at least for what concerns the two systems used
here. However, the fact that the systems can be applied on such a database does not
entail that they perform well on it. Indeed, when the goal is to retrieve research-
relevant information and therefore produce complex non-trivial queries, both sys-

tems fail.
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11 Conclusion and Future Directions

This study, set out to inspect and analyze the applicability of two exemplary text-
to-SQL systems on an unseen type of complex linguistic database, has provided
interesting insights which allow to state that both the exemplary systems chosen
struggle when applied on a complex relational database like the DIRNDL. Never-
theless, SmBop demonstrates better results, indicating that its architecture, based
on a bottom-up, semi-autoregressive approach, is more effective than the top-down,
autoregressive architecture employed by IRNet. This suggests that SmBop’s method
of parallel component generation and better representation alignment contributes to

its superior performance.

One major drawback of most text-to-SQL systems consists in the fact that they
are developed to read only SQLite files as input. For this reason, further work in
the realm of text-to-SQL could include developing robust converters able to con-
vert databases developed for a certain RDBMS into the correspondent version in a
different RDBMS, in a way that even big databases for instance in PostgreSQL or
MySQL can be turned into a SQLite database without relying on extensive work to
be manually conducted by the user. Alternatively, new text-to-SQL systems should
take into account the existence of various RDBMS and be able to produce queries
that adhere to different extensions of the SQL standard, accommodating databases
in various formats, and not only SQLite, although the fact that SQLite is file-based

clearly makes it an easier deployable tool.

To conclude, generating accurate SQL from NL questions has long been a chal-
lenging problem due to the complexities of understanding user requests, compre-
hending database schemas, and generating correct SQL statements. FEarlier text-to-
SQL systems have relied on a combination of human engineering and deep neural
networks, and more recently also pre-trained language models (PLMs) have demon-
strated promising performances. However, as databases grow more complex and user
queries become more intricate, the limited comprehension capabilities of PLMs can
result in incorrect SQL generation, which leads to the inconvenient need of advanced

tailored optimization methods. In this landscape, large language models (LLMs)
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Figure 27: An outline of the evolutionary process of text-to-SQL research from an im-
plementation paradigm perspective, highlighting key stages along with correspond-

ing techniques and representative works (Hong et al., 2024).

have started to show remarkable abilities in natural language understanding, which
suggests that LLM-based approaches present potential solutions for advancing text-
to-SQL research (Hong et al., 2024) and might tackle the issue related to complex
database understanding, which limits the effectiveness of more traditional systems

based on human engineering or PLMs, as shown in Figure 27.
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A Custom Evaluation Script

import sqlparse

from sqlparse.sql import Identifier, Token, Where, Comparison, Parenthesis, Function, IdentifierList
, Statement

from sqlparse.tokens import Keyword, DML, Name, Punctuation, Whitespace

from collections import Counter

# Define constants for various SQL components

CLAUSE_KEYWORDS = {’SELECT’, ’FROM’, ’WHERE’, ’GROUP BY’, ’ORDER BY’, ’LIMIT’, ’INTERSECT’, ’UNION’,
’EXCEPT’}

JOIN_KEYWORDS = {’JOIN’, ’ON’, ’AS’}

AGGREGATE_FUNCTIONS = {’AVG’, ’COUNT’, ’DISTINCT’, ’MAX’, °MIN’, ’SUM’}

LOGICAL_OPERATORS = {’ALL’, ’AND’, ’NOT’, ’IN’, ’NOT IN’, ’ANY’, ’BETWEEN’, ’°OR’, ’EXISTS’, ’LIKE’,
"SOME’, =7, ’>’, <’}

WHERE_OPS = {’NOT’, ’BETWEEN’, ’=’, ’>’, ’<’, ’>=’, <=’ 1=’ DIN’, 6 ’LIKE’, ’IS’, ’EXISTS’}

UNIT_OPS = {’NONE’, ’-7, ’+’, %>, 7/}

AGG_OPS = {’NONE’, ’MAX’, ’MIN’, ’COUNT’, ’SUM’, ’AVG’}

COND_OPS = {’AND’, °OR’}

SQL_0PS = {’INTERSECT’, ’UNION’, ’EXCEPT’}

ORDER_QOPS = {’DESC’, ’ASC’}

def extract_clause_components(query) :
Extracts the clause keywords and arguments from a SQL query, including the WHERE clause and
functions like MAX and COUNT.
parsed = sqlparse.parse(query)

if not parsed:

return [J, [1, [, [0, [, False
stmt = parsed[0]
keywords = set()
arguments = set()
operators = set()
where_columns = set()
where_operators = set()
where_values = set()

nested_query_present = False

def extract_function_arguments(token):

Extract arguments within SQL functions like MAX and COUNT.
nun
if isinstance(token, Function):

function_name = token.get_real_name().upper()

if function_name in AGGREGATE_FUNCTIONS:
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60
61

62

keywords.add (function_name)
for sub_token in token.tokens:
if isinstance(sub_token, Parenthesis):
for inside_token in sub_token.tokens:

if isinstance(inside_token, Identifier) or inside_token.ttype in (Name,)

arguments.add(inside_token.get_real_name())
elif inside_token.ttype == Punctuation and inside_token.value == ’x*’:

arguments.add(’*’)

def normalize_column(column) :

Normalizes the column by removing any table aliases or prefixes.

return column.split(’.’)[-1] if column else column

def extract_where_clause(where_token):

Recursively extract components from the WHERE clause, including nested queries and operators

nonlocal nested_query_present
keywords.add(’WHERE’) # Add WHERE keyword when encountering a WHERE clause

for sub_token in where_token.tokens:
if isinstance(sub_token, Where):
extract_where_clause (sub_token)
elif isinstance(sub_token, Comparison):
left, operator, right = sub_token.left, sub_token.token_next(0)[1], sub_token.right
if isinstance(left, Identifier):
where_columns.add(normalize_column(left.get_real_name()))
if operator and operator.value.upper() in LOGICAL_OPERATORS:
where_operators.add(operator.value.upper())
if operator and operator.value.upper() == ’!=’:
where_operators.add(’!=’)
if isinstance(right, Token):
where_values.add(right.value.strip(’\’"’))
elif sub_token.ttype == Keyword and sub_token.value.upper() == ’NOT’:
if sub_token.token_next(1) [1].value.upper() == ’IN’:
where_operators.add(’NOT IN’)
elif isinstance(sub_token, Parenthesis):
# Check for nested SELECT statements
nested_query_present = any(isinstance(t, Where) for t in sub_token.tokens)
elif sub_token.ttype in {Keyword, Punctuation} and sub_token.value.upper() in
LOGICAL_OPERATORS:
where_operators.add(sub_token.value.upper())

elif sub_token.ttype in {Keyword, Punctuation} and sub_token.value.upper() == ’!=’:

102




86

87

88

89

90

91

96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113

114

116

129

130

131

where_operators.add(’!=’)

def extract_group_by_clause(stmt):

Extract components from the GROUP BY clause.
group_by_keywords = {’GROUP BY’}
for token in stmt.tokens:
if token.ttype in {Keyword} and token.value.upper() in group_by_keywords:
keywords.add (’GROUP BY’)
_, next_token = stmt.token_next(stmt.token_index(token))
if isinstance(next_token, IdentifierList):
for identifier in next_token.get_identifiers():
arguments.add(normalize_column(identifier.get_real_name()))
elif isinstance(next_token, Identifier):

arguments.add(normalize_column(next_token.get_real_name()))

def extract_join_clause(stmt):

Extract components from the JOIN clause.
join_keywords = {’JOIN’, ’ON’}
tokens = stmt.tokens
for i, token in enumerate(tokens):
if token.ttype in {Keyword} and token.value.upper() in join_keywords:
keywords.add(token.value.upper())
_, next_token = stmt.token_next (i)
if isinstance(next_token, IdentifierList):
for identifier in next_token.get_identifiers():
arguments.add(normalize_column(identifier.get_real_name()))
elif isinstance(next_token, Identifier):
arguments.add(normalize_column(next_token.get_real_name()))
# Capture the columns used in the ON clause
if token.value.upper() == ’0N’:
for j in range(i + 1, len(tokens)):
sub_token = tokens[j]
if isinstance(sub_token, Comparison):
left, operator, right = sub_token.left, sub_token.token_next(0)[1],
sub_token.right
if isinstance(left, Identifier):
arguments.add(normalize_column(left.get_real_name()))
if operator and operator.value.upper() in LOGICAL_OPERATORS:
operators.add (operator.value.upper())
if isinstance(right, Identifier):
arguments.add(normalize_column(right.get_real_name()))
elif sub_token.ttype == Keyword and sub_token.value.upper() == ’AND’:

# Move to the next token to check for additional conditions
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139
140
141
142
143

144

146

147

148

159
160
161
162
163
164
165
166
167
168

169

continue
elif sub_token.ttype in {Keyword, Punctuation} and sub_token.value.upper ()
in LOGICAL_OPERATORS:

operators.add(sub_token.value.upper())

def extract_exceptions(stmt):

Extract components from the EXCEPT clause.
i
exception_keywords = {’EXCEPT’}
for token in stmt.tokens:
if token.ttype in {Keyword} and token.value.upper() in exception_keywords:
keywords.add (’ EXCEPT’)
_, next_token = stmt.token_next(stmt.token_index(token))
if isinstance(next_token, Parenthesis):
for sub_token in next_token.tokens:
if isinstance(sub_token, Statement):
nested_keywords, nested_arguments, nested_where_columns,
nested_where_operators, nested_where_values, nested_nested_query = extract_clause_components (
sub_token.value)
keywords.update (nested_keywords)
arguments.update (nested_arguments)
where_columns.update(nested_where_columns)
where_operators.update (nested_where_operators)
where_values.update(nested_where_values)

nested_query_present = nested_query_present or nested_nested_query

for token in stmt.tokens:
if token.ttype in {Keyword, DML} and token.value.upper() in CLAUSE_KEYWORDS:
keywords.add (token.value.upper())
elif isinstance(token, Where):
# Capture arguments within the WHERE clause
extract_where_clause (token)
elif isinstance(token, Identifier) or token.ttype in (Name,):
normalized_token = normalize_column(token.get_real_name())
arguments.add(normalized_token)
elif isinstance(token, IdentifierList):
for identifier in token.get_identifiers():
normalized_identifier = normalize_column(identifier.get_real_name())
arguments.add(normalized_identifier)
elif isinstance(token, Function):
extract_function_arguments(token)
elif token.ttype in {Keyword, Punctuation} and token.value.upper() in LOGICAL_OPERATORS:
operators.add(token.value.upper())
elif token.ttype == Keyword and token.value.upper() in SQL_OPS:
keywords.add (token.value.upper())

104




176 # Hardcode inclusion of INTERSECT

177 if ?INTERSECT’ in query.upper():

178 keywords.add (’ INTERSECT’)

179

180 # Extract additional clauses

181 extract_group_by_clause (stmt)

182 extract_join_clause(stmt)

183 extract_exceptions(stmt)

184

185 return keywords, arguments, operators, where_columns, where_operators, where_values,

nested_query_present

187| def normalize_values(setl, set2):

188

189 Normalizes values by removing single and double quotes.
190 e

191 def remove_quotes(value):

192 return value.replace("’", "").replace(’"’, "")

193

194 normalized_setl = {remove_quotes(item) for item in setl}
195 normalized_set2 = {remove_quotes(item) for item in set2}
196

197 return normalized_setl, normalized_set2

198
199| def calculate_similarity(setl, set2):

200

201 Calculates similarity between two sets as the ratio of the intersection to the union.
202 e

203 setl, set2 = normalize_values(setl, set2)

204

205 if not setl and not set2:

206 return 1.0 # Both sets are empty, consider them as identical
207

208 intersection = setl.intersection(set2)

209 union = setl.union(set2)

210

211 return len(intersection) / len(union)

212

213| def calculate_ngram_overlap(setl, set2, n=3):

214 win
215 Calculates n-gram overlap between two sets.

2](7 nnn

217 setl, set2 = normalize_values(setl, set2)

218

219 if not setl and not set2:

220 return 1.0 # Both sets are empty, consider them as identical
221
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256

2| def

def get_ngrams(s, n):

return [s[i:i+n] for i in range(len(s)-n+1)]

setl_ngrams = Counter()

set2_ngrams = Counter()

for item in setl:

setl_ngrams.update(get_ngrams(item, n))

for item in set2:

set2_ngrams.update(get_ngrams(item, n))

intersection = setl_ngrams & set2_ngrams

union = setl_ngrams | set2_ngrams

if not union:

return 0.0

return sum(intersection.values()) / sum(union.values())

evaluate_similarity(gold_file, predicted_file):

Evaluates the similarity between gold and predicted SQL queries based on keywords and arguments.
nnn
with open(gold_file, ’r’) as gf, open(predicted_file, ’r’) as pf:

gold_queries = gf.readlines()

predicted_queries = pf.readlines()

if len(gold_queries) != len(predicted_queries):
print("Mismatch in number of queries between gold and predicted files.")

return

for i, (gold_query, predicted_query) in enumerate(zip(gold_queries, predicted_queries)):
gold_keywords, gold_arguments, gold_operators, gold_where_columns, gold_where_operators,

gold_where_values, gold_nested_query = extract_clause_components(gold_query.strip())
predicted_keywords, predicted_arguments, predicted_operators, predicted_where_columns,

predicted_where_operators, predicted_where_values, predicted_nested_query =

extract_clause_components(predicted_query.strip())

keyword_similarity = calculate_similarity(gold_keywords, predicted_keywords)

argument_similarity = calculate_similarity(gold_arguments, predicted_arguments)

operator_similarity = calculate_similarity(gold_operators, predicted_operators)

column_similarity = calculate_similarity(gold_where_columns, predicted_where_columns)

where_operator_similarity = calculate_similarity(gold_where_operators,
predicted_where_operators)

value_similarity = calculate_similarity(gold_where_values, predicted_where_values)
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265
266

267

288
289
290
291
292
293

294

295

296
297
298
299
300
301

302

keyword_ngram_overlap = calculate_ngram_overlap(gold_keywords, predicted_keywords)
argument_ngram_overlap = calculate_ngram_overlap(gold_arguments, predicted_arguments)
operator_ngram_overlap = calculate_ngram_overlap(gold_operators, predicted_operators)
column_ngram_overlap = calculate_ngram_overlap(gold_where_columns, predicted_where_columns)
where_operator_ngram_overlap = calculate_ngram_overlap(gold_where_operators,
predicted_where_operators)
value_ngram_overlap = calculate_ngram_overlap(gold_where_values, predicted_where_values)
print (£"Query {i+1} similarity:")
print(f" Keyword similarity: {keyword_similarity:.2f}")
print(f" Keyword n-gram overlap: {keyword_ngram_overlap:.2f}")
print(f" Argument similarity: {argument_similarity:.2f}")
print(f" Argument n-gram overlap: {argument_ngram_overlap:.2f}")
print(f" Operator similarity: {operator_similarity:.2f}")
print(f" Operator n-gram overlap: {operator_ngram_overlap:.2f}")
print (£" Gold keywords: {gold_keywords}")
print (£" Predicted keywords: {predicted_keywords}")
print (£" Gold arguments: {gold_argumentsl}")
print (£" Predicted arguments: {predicted_arguments}")
print (£" Gold operators: {gold_operators if gold_operators else ’None’}")
print (£" Predicted operators: {predicted_operators if predicted_operators else ’None’}")
print(f" WHERE clause component similarities:")
print (£" Column similarity: {column_similarity:.2f}")
print (£" Column n-gram overlap: {column_ngram_overlap:.2f}")
print (£" Operator similarity: {where_operator_similarity:.2f}")
print (£" Operator n-gram overlap: {where_operator_ngram_overlap:.2f}")
print (£" Value similarity: {value_similarity:.2f}")
print (£" Value n-gram overlap: {value_ngram_overlap:.2f}")
print (£" Gold WHERE columns: {gold_where_columns}")
print (£" Predicted WHERE columns: {predicted_where_columns}")
print (£" Gold WHERE operators: {gold_where_operators if gold_where_operators else ’None
)
print (£" Predicted WHERE operators: {predicted_where_operators if
predicted_where_operators else ’None’}")
print (£" Gold WHERE values: {gold_where_valuesl}")
print (£" Predicted WHERE values: {predicted_where_values}")
if __name__ == "__main__":
gold_file = ’gold_queries.sql’
predicted_file = ’predicted_queries.sql’

evaluate_similarity(gold_file, predicted_file)

custom_eval script.py
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B Custom Evaluation Outputs

Query 1 similarity:
Keyword similarity: 1.00
Keyword n-gram overlap: 1.00
Argument similarity: 0.33
Argument n-gram overlap: 0.21
Operator similarity: 1.00
Operator n-gram overlap: 1.00
Gold keywords: {’SELECT’, ’WHERE’, ’>FROM’}
Predicted keywords: {’SELECT’, ’WHERE’, ’FROM’}
Gold arguments: {’word’, ’syntax_terminal_nodes’}
Predicted arguments: {’word’, ’prosody_nodes’}
Gold operators: None
Predicted operators: None
WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.07
Operator similarity: 1.00
Operator n-gram overlap: 1.00
Value similarity: 1.00
Value n-gram overlap: 0.00
Gold WHERE columns: {’seq’, ’s_num’}
Predicted WHERE columns: {’word’, ’filesequence’}
Gold WHERE operators: {’=’, ’AND’}
Predicted WHERE operators: {’=’, ’AND’}
Gold WHERE values: {’3’, ’1’}
Predicted WHERE values: {’1’, ’3’}
Query 2 similarity:
Keyword similarity: 0.60
Keyword n-gram overlap: 0.69
Argument similarity: 0.00
Argument n-gram overlap: 0.15
Operator similarity: 1.00
Operator n-gram overlap: 1.00
Gold keywords: {’SELECT’, ’WHERE’, ’MAX’, ’FROM’}
Predicted keywords: {’SELECT’, ’WHERE’, ’FROM’, ’COUNT’}
Gold arguments: {’seq’, ’syntax_terminal_nodes’}
Predicted arguments: {’prosody_nodes’}
Gold operators: None
Predicted operators: None
WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.00
Operator similarity: 0.00
Operator n-gram overlap: 0.00

Value similarity: 0.00
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16 Value n-gram overlap: 0.00

47 Gold WHERE columns: {’s_num’}

18 Predicted WHERE columns: {’word’}

19 Gold WHERE operators: {’=’}

50 Predicted WHERE operators: {’LIKE’}

51 Gold WHERE values: {’3’}

52 Predicted WHERE values: {’%3%’}

53| Query 3 similarity:

54 Keyword similarity: 0.75

55 Keyword n-gram overlap: 0.60

56 Argument similarity: 0.00

57 Argument n-gram overlap: 0.13

58 Operator similarity: 1.00

59 Operator n-gram overlap: 1.00

60 Gold keywords: {’SELECT’, ’WHERE’, ’ORDER BY’, ’FROM’}
61 Predicted keywords: {’SELECT’, ’WHERE’, ’FROM’}
62 Gold arguments: {’seq’, ’pos’, ’syntax_terminal_nodes’}
63 Predicted arguments: {’word’, ’prosody_nodes’}
64 Gold operators: None

65 Predicted operators: None

66 WHERE clause component similarities:

67 Column similarity: 0.00

68 Column n-gram overlap: 0.00

69 Operator similarity: 1.00

70 Operator n-gram overlap: 0.00

71 Value similarity: 1.00

72 Value n-gram overlap: 0.00
73 Gold WHERE columns: {’s_num’}
74 Predicted WHERE columns: {’ts’}

75 Gold WHERE operators: {’=’}

76 Predicted WHERE operators: {’=’}
77 Gold WHERE values: {’3’}

78 Predicted WHERE values: {’3’}

79| Query 4 similarity:

80 Keyword similarity: 1.00

81 Keyword n-gram overlap: 1.00

82 Argument similarity: 0.33

83 Argument n-gram overlap: 0.19

84 Operator similarity: 1.00

85 Operator n-gram overlap: 1.00

86 Gold keywords: {’SELECT’, ’WHERE’, ’*FROM’}

87 Predicted keywords: {’SELECT’, ’WHERE’, ’FROM’}
88 Gold arguments: {’pos’, ’syntax_terminal_nodes’}
89 Predicted arguments: {’pos’, ’prosody_nodes’}

90 Gold operators: None

91 Predicted operators: None

92 WHERE clause component similarities:
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96
97
98

99

102
103

104

116
117
118

119

136

Column similarity: 0.00

Column n-gram overlap: 0.00

Operator similarity: 0.50

Operator n-gram overlap: 0.00

Value similarity: 0.50

Value n-gram overlap: 0.00
Gold WHERE columns: {’seq’, ’s_num’}
Predicted WHERE columns: {’word’}
Gold WHERE operators: {’=’, ’AND’}
Predicted WHERE operators: {’=’}
Gold WHERE values: {’3’, ’1°}
Predicted WHERE values: {’3’}

5| Query 5 similarity:

Keyword similarity: 1.00
Keyword n-gram overlap: 1.00
Argument similarity: 0.33
Argument n-gram overlap: 0.43
Operator similarity: 1.00
Operator n-gram overlap: 1.00
Gold keywords: {’SELECT’, ’WHERE’, ’FROM’}
Predicted keywords: {’SELECT’, ’WHERE’, ’FROM’}
Gold arguments: {’syntax_graph’, ’graph_id’}
Predicted arguments: {’prosody_graph’, ’graph_id’}
Gold operators: None
Predicted operators: None
WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.00
Operator similarity: 1.00
Operator n-gram overlap: 0.00
Value similarity: 1.00
Value n-gram overlap: 0.00
Gold WHERE columns: {’s_num’}
Predicted WHERE columns: {’filesequence’}
Gold WHERE operators: {’=’}
Predicted WHERE operators: {’=’}
Gold WHERE values: {’3’}
Predicted WHERE values: {’3’}
Query 6 similarity:
Keyword similarity: 1.00
Keyword n-gram overlap: 1.00
Argument similarity: 1.00
Argument n-gram overlap: 1.00
Operator similarity: 1.00
Operator n-gram overlap: 1.00
Gold keywords: {’SELECT’, ’WHERE’, ’FROM’}
Predicted keywords: {’SELECT’, ’WHERE’, ’FROM’}
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140 Gold arguments: {’word’, ’prosody_nodes’}

141 Predicted arguments: {’word’, ’prosody_nodes’}
142 Gold operators: None
143 Predicted operators: None

144 WHERE clause component similarities:
145 Column similarity: 0.00

146 Column n-gram overlap: 0.00

147 Operator similarity: 0.50
148 Operator n-gram overlap: 0.00
149 Value similarity: 0.50

150 Value n-gram overlap: 0.93

151 Gold WHERE columns: {’filesequence’, ’tone’}

152 Predicted WHERE columns: {’closure_name’}

153 Gold WHERE operators: {’=’, ’AND’}

154 Predicted WHERE operators: {’=’}

155 Gold WHERE values: {’dlf-nachrichten-200703262000’, ’NONE’}
156 Predicted WHERE values: {’dlf-nachrichten-200703262000°’}
157 | Query 7 similarity:

158 Keyword similarity: 1.00

159 Keyword n-gram overlap: 1.00

160 Argument similarity: 0.33

161 Argument n-gram overlap: 0.25

162 Operator similarity: 1.00

163 Operator n-gram overlap: 1.00

164 Gold keywords: {’SELECT’, ’WHERE’, ’FROM’}

165 Predicted keywords: {’SELECT’, ’WHERE’, ’FROM’}

166 Gold arguments: {’is_target_syn_root’, ’is_label’}

167 Predicted arguments: {’node’, ’is_label’}

168 Gold operators: None

169 Predicted operators: None

170 WHERE clause component similarities:

171 Column similarity: 0.00

172 Column n-gram overlap: 0.08

173 Operator similarity: 1.00

174 Operator n-gram overlap: 0.00

175 Value similarity: 0.00

176 Value n-gram overlap: 0.14

177 Gold WHERE columns: {’syn_root_id’}
178 Predicted WHERE columns: {’node_id’}
179 Gold WHERE operators: {’=’}

180 Predicted WHERE operators: {’=’}

181 Gold WHERE values: {’900614’}

182 Predicted WHERE values: {’900514’}

183| Query 8 similarity:
184 Keyword similarity: 1.00

185 Keyword n-gram overlap: 1.00

186 Argument similarity: 0.67
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187 Argument n-gram overlap: 0.90

188 Operator similarity: 1.00

189 Operator n-gram overlap: 1.00

190 Gold keywords: {’SELECT’, ’WHERE’, ’FROM’}

191 Predicted keywords: {’SELECT’, ’WHERE’, ’FROM’}
192 Gold arguments: {’node_type’, ’node’, ’grp’}
193 Predicted arguments: {’node_type’, ’node’}

194 Gold operators: None

195 Predicted operators: None

196 WHERE clause component similarities:

197 Column similarity: 1.00

198 Column n-gram overlap: 1.00
199 Operator similarity: 1.00
200 Operator n-gram overlap: 0.00

201 Value similarity: 1.00

202 Value n-gram overlap: 1.00

203 Gold WHERE columns: {’node_id’}

204 Predicted WHERE columns: {’node_id’}
205 Gold WHERE operators: {’=’}

206 Predicted WHERE operators: {’=’}

207 Gold WHERE values: {’900620°}

208 Predicted WHERE values: {’900620°’}

209| Query 9 similarity:

210 Keyword similarity: 1.00

211 Keyword n-gram overlap: 1.00
212 Argument similarity: 0.33

213 Argument n-gram overlap: 0.20

214 Operator similarity: 1.00

215 Operator n-gram overlap: 1.00

216 Gold keywords: {’SELECT’, ’WHERE’, ’FROM’}

217 Predicted keywords: {’SELECT’, ’WHERE’, ’FROM’}

218 Gold arguments: {’edge’, ’grp’}

219 Predicted arguments: {’edge’, ’edge_type’}

220 Gold operators: None

221 Predicted operators: None

222 WHERE clause component similarities:

223 Column similarity: 0.25

224 Column n-gram overlap: 0.64

225 Operator similarity: 1.00

226 Operator n-gram overlap: 1.00

227 Value similarity: 0.67

228 Value n-gram overlap: 0.75

229 Gold WHERE columns: {’target_id’, ’source_graph’, ’source_id’}
230 Predicted WHERE columns: {’target_graph’, ’source_id’}
231 Gold WHERE operators: {’=’, ’AND’}

232 Predicted WHERE operators: {’=’, ’AND’}

233 Gold WHERE values: {’1349°, ’56666°, 56690’}
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-

Predicted WHERE values: {’56666°, 56690’}

5| Query 10 similarity:

Keyword similarity: 0.60
Keyword n-gram overlap: 0.82
Argument similarity: 0.40
Argument n-gram overlap: 0.47
Operator similarity: 0.00
Operator n-gram overlap: 0.00
Gold keywords: {’SELECT’, ’WHERE’, ’>FROM’}
Predicted keywords: {’FROM’, ’SELECT’, ’WHERE’, ’JOIN’, ’ON’}
Gold arguments: {’name’, ’graph_type_definition’}
Predicted arguments: {’node’, ’name’, ’node_type’, ’graph_type_def_id’, ’graph_type_definition’}
Gold operators: None
Predicted operators: {’=’}
WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.00
Operator similarity: 1.00
Operator n-gram overlap: 0.00
Value similarity: 1.00
Value n-gram overlap: 1.00
Gold WHERE columns: {’grp’}
Predicted WHERE columns: {’tiger_node_id’}
Gold WHERE operators: {’=’}
Predicted WHERE operators: {’=’}
Gold WHERE values: {’tigerXML_node’}
Predicted WHERE values: {’tigerXML_node’}

Listing 7: Evaluation output for SmBop in Experiment 1.

Query 1 similarity:

Keyword similarity: 0.75

Keyword n-gram overlap: 0.82

Argument similarity: 0.20

Argument n-gram overlap: 0.16

Operator similarity: 1.00

Operator n-gram overlap: 1.00
Gold keywords: {’WHERE’, ’SELECT’, ’FROM’}
Predicted keywords: {’WHERE’, ’JOIN’, ’SELECT’, ’FROM’}
Gold arguments: {’syntax_terminal_nodes’, ’word’}
Predicted arguments: {’node’, ’prosody_nodes’, ’is_target_syn_root’, ’word’}
Gold operators: None
Predicted operators: None

WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.00
Operator similarity: 0.00

Operator n-gram overlap: 0.00
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Value similarity: 0.50

Value n-gram overlap: 0.00
Gold WHERE columns: {’seq’, ’s_num’}
Predicted WHERE columns: {’is_label’}
Gold WHERE operators: {’=’, ’AND’}
Predicted WHERE operators: {’LIKE’}
Gold WHERE values: {’1’, ’3°}
Predicted WHERE values: {’1’}

7| Query 2 similarity:

Keyword similarity: 0.60
Keyword n-gram overlap: 0.69
Argument similarity: 0.00
Argument n-gram overlap: 0.15
Operator similarity: 1.00
Operator n-gram overlap: 1.00
Gold keywords: {’WHERE’, °FROM’, ’SELECT’, ’MAX’}
Predicted keywords: {’WHERE’, ’COUNT’, ’SELECT’, ’FROM’}
Gold arguments: {’syntax_terminal_nodes’, ’seq’}
Predicted arguments: {’prosody_nodes’}
Gold operators: None
Predicted operators: None
WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.00
Operator similarity: 0.00
Operator n-gram overlap: 0.00
Value similarity: 0.00
Value n-gram overlap: 0.00
Gold WHERE columns: {’s_num’}
Predicted WHERE columns: {’word’}
Gold WHERE operators: {’=’}
Predicted WHERE operators: {’LIKE’}
Gold WHERE values: {’3’}
Predicted WHERE values: {’1’}
Query 3 similarity:
Keyword similarity: 0.60
Keyword n-gram overlap: 0.53
Argument similarity: 0.40
Argument n-gram overlap: 0.59
Operator similarity: 1.00
Operator n-gram overlap: 1.00
Gold keywords: {’ORDER BY’, ’WHERE’, ’SELECT’, ’FROM’}
Predicted keywords: {’WHERE’, ’JOIN’, ’SELECT’, ’FROM’}
Gold arguments: {’pos’, ’syntax_terminal_nodes’, ’seq’}
Predicted arguments: {’pos’, ’syntax_terminal_nodes’, ’prosody_nodes’, ’node’}
Gold operators: None

Predicted operators: None
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66 WHERE clause component similarities:

67 Column similarity: 0.00

68 Column n-gram overlap: 0.00

69 Operator similarity: 0.00

70 Operator n-gram overlap: 0.00

71 Value similarity: 0.00

72 Value n-gram overlap: 0.00

73 Gold WHERE columns: {’s_num’}

74 Predicted WHERE columns: {’filesequence’}

75 Gold WHERE operators: {’=’}

76 Predicted WHERE operators: {’LIKE’}
77 Gold WHERE values: {’3’}

78 Predicted WHERE values: {’1’}

79| Query 4 similarity:

80 Keyword similarity: 0.75

81 Keyword n-gram overlap: 0.82

82 Argument similarity: 0.50

83 Argument n-gram overlap: 0.61

84 Operator similarity: 1.00

85 Operator n-gram overlap: 1.00

86 Gold keywords: {’WHERE’, ’SELECT’, ’FROM’}

87 Predicted keywords: {’WHERE’, ’JOIN’, ’>SELECT’, ’FROM’}

88 Gold arguments: {’pos’, ’syntax_terminal_nodes’}

89 Predicted arguments: {’pos’, ’syntax_terminal_nodes’, ’prosody_nodes’, ’node’}

90 Gold operators: None

91 Predicted operators: None

92 WHERE clause component similarities:
93 Column similarity: 0.00

94 Column n-gram overlap: 0.00

95 Operator similarity: 0.00

96 Operator n-gram overlap: 0.00

97 Value similarity: 0.50

98 Value n-gram overlap: 0.00

99 Gold WHERE columns: {’seq’, ’s_num’}
100 Predicted WHERE columns: {’word’}

101 Gold WHERE operators: {’=’, ’AND’}
102 Predicted WHERE operators: {’LIKE’}
103 Gold WHERE values: {’1’, ’3’}

104 Predicted WHERE values: {’1’}

105| Query 5 similarity:

106| Keyword similarity: 1.00

107 Keyword n-gram overlap: 1.00

108 Argument similarity: 0.00

109 Argument n-gram overlap: 0.24

110 Operator similarity: 1.00

111 Operator n-gram overlap: 1.00

112 Gold keywords: {’WHERE’, ’SELECT’, ’FROM’}
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113 Predicted keywords: {’WHERE’, ’SELECT’, ’FROM’}

114 Gold arguments: {’syntax_graph’, ’graph_id’}

115 Predicted arguments: {’is_target_syn_root’, ’is_graph_id’}
116 Gold operators: None

117 Predicted operators: None

118 WHERE clause component similarities:

119 Column similarity: 0.00

120 Column n-gram overlap: 0.00

121 Operator similarity: 1.00

122 Operator n-gram overlap: 0.00

123 Value similarity: 0.00

124 Value n-gram overlap: 0.00

125 Gold WHERE columns: {’s_num’}
126 Predicted WHERE columns: {’syn_graph_id’}
127 Gold WHERE operators: {’=’}

128 Predicted WHERE operators: {’=’}
129 Gold WHERE values: {’3’}

130 Predicted WHERE values: {’1’}

131 | Query 6 similarity:

132 Keyword similarity: 1.00

133| Keyword n-gram overlap: 1.00
134 Argument similarity: 0.33

135 Argument n-gram overlap: 0.73

136 Operator similarity: 1.00

137 Operator n-gram overlap: 1.00

138 Gold keywords: {’WHERE’, ’SELECT’, ’FROM’}

139 Predicted keywords: {’WHERE’, ’SELECT’, ’FROM’}
140 Gold arguments: {’prosody_nodes’, ’word’}

141 Predicted arguments: {’tone’, ’prosody_nodes’}
142 Gold operators: None

143 Predicted operators: None
144 WHERE clause component similarities:

145 Column similarity: 0.50

146 Column n-gram overlap: 0.83
147 Operator similarity: 0.00
148 Operator n-gram overlap: 0.00

149 Value similarity: 0.00
150 Value n-gram overlap: 0.00

151 Gold WHERE columns: {’tone’, ’filesequence’}

152 Predicted WHERE columns: {’filesequence’}

153 Gold WHERE operators: {’=’, ’AND’}

154 Predicted WHERE operators: {’NOT IN’}

155 Gold WHERE values: {’NONE’, ’dlf-nachrichten-200703262000°}

156 Predicted WHERE values: {’ (SELECT T2.node_id FROM node AS T2)’}
157| Query 7 similarity:

158 Keyword similarity: 1.00

159| Keyword n-gram overlap: 1.00
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160 Argument similarity: 1.00

161 Argument n-gram overlap: 1.00

162 Operator similarity: 1.00

163 Operator n-gram overlap: 1.00

164 Gold keywords: {’WHERE’, >SELECT’, ’FROM’}

165 Predicted keywords: {’WHERE’, ’SELECT’, ’FROM’}

166 Gold arguments: {’is_target_syn_root’, ’is_label’}

167 Predicted arguments: {’is_target_syn_root’, ’is_label’}
168 Gold operators: None

169 Predicted operators: None

170 WHERE clause component similarities:
171 Column similarity: 0.00

172 Column n-gram overlap: 0.00

173 Operator similarity: 1.00

174 Operator n-gram overlap: 0.00

175 Value similarity: 0.00

176 Value n-gram overlap: 0.00

177 Gold WHERE columns: {’syn_root_id’}

178 Predicted WHERE columns: {’is_node_descr’}
179 Gold WHERE operators: {’=’}

180 Predicted WHERE operators: {’=’}

181 Gold WHERE values: {’900614°}

182 Predicted WHERE values: {’1’}

183| Query 8 similarity:

184 Keyword similarity: 0.75

185 Keyword n-gram overlap: 0.82
186 Argument similarity: 0.40
187 Argument n-gram overlap: 0.24

188 Operator similarity: 1.00

189 Operator n-gram overlap: 1.00

190 Gold keywords: {’WHERE’, ’SELECT’, ’FROM’}

191 Predicted keywords: {’WHERE’, ’JOIN’, ’SELECT’, ’FROM’}

192 Gold arguments: {’node’, ’grp’, ’node_type’}

193 Predicted arguments: {’node’, ’is_target_syn_root’, ’is_node_descr’, ’node_type’}

194 Gold operators: None
195 Predicted operators: None

196 WHERE clause component similarities:

197 Column similarity: 0.00
198 Column n-gram overlap: 0.62
199 Operator similarity: 1.00

200 Operator n-gram overlap: 0.00

201 Value similarity: 0.00

202 Value n-gram overlap: 0.00

203 Gold WHERE columns: {’node_id’}

204 Predicted WHERE columns: {’is_node_id’}
205 Gold WHERE operators: {’=’}

206 Predicted WHERE operators: {’=’}
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207
208
209

210

Gold WHERE values: {’900620’}
Predicted WHERE values: {’1’}
Query 9 similarity:
Keyword similarity: 0.75
Keyword n-gram overlap: 0.82
Argument similarity: 0.00
Argument n-gram overlap: 0.00
Operator similarity: 1.00
Operator n-gram overlap: 1.00
Gold keywords: {’WHERE’, ’SELECT’, ’FROM’}
Predicted keywords: {’WHERE’, ’JOIN’, ’>SELECT’, ’FROM’}
Gold arguments: {’edge’, ’grp’}
Predicted arguments: {’graph_type_definition’, ’name’, ’prosody_nodes’, ’syntax_terminal_nodes’}
Gold operators: None
Predicted operators: None
WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.05
Operator similarity: 0.67
Operator n-gram overlap: 1.00
Value similarity: 0.00
Value n-gram overlap: 0.00
Gold WHERE columns: {’target_id’, ’source_graph’, ’source_id’}
Predicted WHERE columns: {’filesequence’, ’node_id’}
Gold WHERE operators: {’=’, ’AND’}
Predicted WHERE operators: {’=’, ’AND’, ’>’}
Gold WHERE values: {’56690’, ’1349’, ’56666°}
Predicted WHERE values: {’1’}
Query 10 similarity:
Keyword similarity: 0.75
Keyword n-gram overlap: 0.82
Argument similarity: 0.50
Argument n-gram overlap: 0.75
Operator similarity: 1.00
Operator n-gram overlap: 1.00
Gold keywords: {’WHERE’, ’SELECT’, ’FROM’}
Predicted keywords: {’WHERE’, ’JOIN’, ’SELECT’, ’FROM’}
Gold arguments: {’graph_type_definition’, ’name’}
Predicted arguments: {’graph_type_definition’, ’name’, ’closure’, ’node’}
Gold operators: None
Predicted operators: None
WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.00
Operator similarity: 1.00
Operator n-gram overlap: 0.00

Value similarity: 0.00
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Value n-gram overlap: 0.00
Gold WHERE columns: {’grp’}
Predicted WHERE columns: {’closure_name’}
Gold WHERE operators: {’=’}
Predicted WHERE operators: {’=’}
Gold WHERE values: {’tigerXML_node’}
Predicted WHERE values: {’1’}

Listing 8: Evaluation output for IRNet in Experiment 1.

N

Query 1 similarity:
Keyword similarity: 0.50
Keyword n-gram overlap: 0.53
Argument similarity: 0.40
Argument n-gram overlap: 0.32
Operator similarity: 0.00

Operator n-gram overlap: 0.00

Gold keywords: {’FROM’, ’SELECT’, ’WHERE’}

Predicted keywords: {’FROM’, ’GROUP BY’, ’SELECT’, ’WHERE’, ’0ON’, ’JOIN’}

Gold arguments: {’syntax_terminal_nodes’, ’word’}

Predicted arguments: {’syntax_terminal_nodes’, ’word’, ’syntax_terminal_graph_id’, ’syntax_graph

’, ’sentence_number’}
Gold operators: None

Predicted operators: {’=’}

WHERE clause component similarities:

Column similarity: 0.50
Column n-gram overlap: 0.62
Operator similarity: 0.50
Operator n-gram overlap: 0.00
Value similarity: 0.50

Value n-gram overlap: 0.00

Gold WHERE columns: {’sentence_number’, ’‘sequence‘’}

Predicted WHERE columns: {’sentence_number’}
Gold WHERE operators: {’AND’, ’=’}
Predicted WHERE operators: {’=’}

Gold WHERE values: {’3’, ’1°}

Predicted WHERE values: {’3’}

Query 2 similarity:
Keyword similarity: 0.60
Keyword n-gram overlap: 0.69
Argument similarity: 0.00
Argument n-gram overlap: 0.16
Operator similarity: 1.00

Operator n-gram overlap: 1.00

Gold keywords: {’FROM’, ’SELECT’, ’WHERE’, ’MAX’}

Predicted keywords: {’FROM’, ’SELECT’, ’WHERE’, >COUNT’}

Gold arguments: {’syntax_terminal_nodes’, ’‘sequence‘’}

Predicted arguments: {’syntax_graph’}
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Gold operators: None
Predicted operators: None
WHERE clause component similarities:
Column similarity: 1.00
Column n-gram overlap: 1.00
Operator similarity: 1.00
Operator n-gram overlap: 0.00
Value similarity: 1.00
Value n-gram overlap: 0.00
Gold WHERE columns: {’sentence_number’}
Predicted WHERE columns: {’sentence_number’}
Gold WHERE operators: {’=’}
Predicted WHERE operators: {’=’}
Gold WHERE values: {’3’}
Predicted WHERE values: {’3°}
Query 3 similarity:
Keyword similarity: 0.75
Keyword n-gram overlap: 0.60
Argument similarity: 0.67
Argument n-gram overlap: 0.71
Operator similarity: 1.00
Operator n-gram overlap: 1.00
Gold keywords: {’FROM’, ’SELECT’, ’WHERE’, ’ORDER BY’}
Predicted keywords: {’FROM’, ’SELECT’, ’WHERE’}
Gold arguments: {’syntax_terminal_nodes’, ’‘sequence‘’, ’pos’}
Predicted arguments: {’syntax_terminal_nodes’, ’pos’}
Gold operators: None
Predicted operators: None
WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.00
Operator similarity: 1.00
Operator n-gram overlap: 0.00
Value similarity: 1.00
Value n-gram overlap: 0.00
Gold WHERE columns: {’sentence_number’}
Predicted WHERE columns: {’word’}
Gold WHERE operators: {’=’}
Predicted WHERE operators: {’=’}
Gold WHERE values: {’3’}
Predicted WHERE values: {’3’}
Query 4 similarity:
Keyword similarity: 1.00
Keyword n-gram overlap: 1.00
Argument similarity: 1.00
Argument n-gram overlap: 1.00

Operator similarity: 1.00

120




89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111

11

N

113

114

Operator n-gram overlap: 1.00
Gold keywords: {’FROM’, ’>SELECT’, ’WHERE’}
Predicted keywords: {’FROM’, ’SELECT’, ’WHERE’}
Gold arguments: {’syntax_terminal_nodes’, ’pos’}
Predicted arguments: {’syntax_terminal_nodes’, ’pos’}
Gold operators: None
Predicted operators: None
WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.00
Operator similarity: 0.50
Operator n-gram overlap: 0.00
Value similarity: 0.50
Value n-gram overlap: 0.00
Gold WHERE columns: {’sentence_number’, ’‘sequence‘’}
Predicted WHERE columns: {’word’}
Gold WHERE operators: {’AND’, ’=’}
Predicted WHERE operators: {’=’}
Gold WHERE values: {’3’, 1’}
Predicted WHERE values: {’3’}
Query 5 similarity:
Keyword similarity: 0.60
Keyword n-gram overlap: 0.82
Argument similarity: 0.00
Argument n-gram overlap: 0.24
Operator similarity: 0.00
Operator n-gram overlap: 0.00
Gold keywords: {’FROM’, ’SELECT’, ’WHERE’}
Predicted keywords: {’FROM’, ’SELECT’, ’WHERE’, ’0ON’, ’JOIN’}
Gold arguments: {’syntax_graph_id’, ’syntax_graph’}
Predicted arguments: {’syntax_nonterminal_node_id’, ’graph_id’, ’syntax_nonterminal_nodes’, ’
node’, ’node_id’}
Gold operators: None
Predicted operators: {’=’}
WHERE clause component similarities:
Column similarity: 1.00
Column n-gram overlap: 1.00
Operator similarity: 1.00
Operator n-gram overlap: 0.00
Value similarity: 1.00
Value n-gram overlap: 0.00
Gold WHERE columns: {’sentence_number’}
Predicted WHERE columns: {’sentence_number’}
Gold WHERE operators: {’=’}
Predicted WHERE operators: {’=’}
Gold WHERE values: {’3’}
Predicted WHERE values: {’3’}
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139
140
141
142
143

144

146
147
148
149

150

159
160
161
162
163
164
165
166

167

Query 6 similarity:
Keyword similarity: 0.75
Keyword n-gram overlap: 0.69
Argument similarity: 0.33
Argument n-gram overlap: 0.61
Operator similarity: 1.00
Operator n-gram overlap: 1.00
Gold keywords: {’FROM’, ’SELECT’, ’WHERE’}
Predicted keywords: {’FROM’, ’SELECT’, ’WHERE’, ’EXCEPT’}
Gold arguments: {’word’, ’prosody_nodes’}
Predicted arguments: {’prosody_nodes’, ’accents’}
Gold operators: None
Predicted operators: None
WHERE clause component similarities:
Column similarity: 1.00
Column n-gram overlap: 1.00
Operator similarity: 0.50
Operator n-gram overlap: 0.00
Value similarity: 0.50
Value n-gram overlap: 0.93
Gold WHERE columns: {’file_sequence’, ’tone’}
Predicted WHERE columns: {’file_sequence’, ’tone’}
Gold WHERE operators: {’AND’, ’=’}
Predicted WHERE operators: {’=’}
Gold WHERE values: {’NONE’, ’dlf-nachrichten-200703262000°’}
Predicted WHERE values: {’dlf-nachrichten-200703262000’}
Query 7 similarity:
Keyword similarity: 0.60
Keyword n-gram overlap: 0.82
Argument similarity: 0.40
Argument n-gram overlap: 0.69
Operator similarity: 0.00
Operator n-gram overlap: 0.00
Gold keywords: {’FROM’, ’SELECT’, ’WHERE’}
Predicted keywords: {’FROM’, ’SELECT’, ’WHERE’, °ON’, ’JOIN’}
Gold arguments: {’info_status_target_syn_root’, ’info_status_label’}
Predicted arguments: {’graph_id’, ’info_status_target_syn_root’, ’node’, ’syn_graph_id’, °’
info_status_label’}
Gold operators: None
Predicted operators: {’=’}
WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.08
Operator similarity: 1.00
Operator n-gram overlap: 0.00
Value similarity: 0.00

Value n-gram overlap: 0.14
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177 Gold WHERE columns: {’syn_root_id’}

178 Predicted WHERE columns: {’node_id’}
179 Gold WHERE operators: {’=’}

180 Predicted WHERE operators: {’=’}

181 Gold WHERE values: {’900614°}

182 Predicted WHERE values: {’900514°}

183| Query 8 similarity:

184 Keyword similarity: 1.00

185 Keyword n-gram overlap: 1.00
186 Argument similarity: 1.00
187 Argument n-gram overlap: 1.00

188 Operator similarity: 1.00

189 Operator n-gram overlap: 1.00

190 Gold keywords: {’FROM’, ’SELECT’, ’WHERE’}

191 Predicted keywords: {’FROM’, ’SELECT’, ’WHERE’}

192 Gold arguments: {’node_group’, ’node_type’, ’node’}

193 Predicted arguments: {’node_group’, ’node_type’, ’node’}
194 Gold operators: None

195 Predicted operators: None

196 WHERE clause component similarities:

197 Column similarity: 1.00

198 Column n-gram overlap: 1.00

199 Operator similarity: 1.00

200 Operator n-gram overlap: 0.00

201 Value similarity: 1.00

202 Value n-gram overlap: 1.00

203 Gold WHERE columns: {’node_id’}
204 Predicted WHERE columns: {’node_id’}
205 Gold WHERE operators: {’=’}

206 Predicted WHERE operators: {’=’}
207 Gold WHERE values: {’900620’}

208 Predicted WHERE values: {’900620°}
209| Query 9 similarity:

210 Keyword similarity: 1.00

211 Keyword n-gram overlap: 1.00

212 Argument similarity: 1.00

213 Argument n-gram overlap: 1.00

214 Operator similarity: 1.00

215 Operator n-gram overlap: 1.00

216 Gold keywords: {’FROM’, ’>SELECT’, ’WHERE’}

217 Predicted keywords: {’FROM’, ’SELECT’, ’WHERE’}
218 Gold arguments: {’edge_group’, ’edge’}

219 Predicted arguments: {’edge_group’, ’edge’}

220 Gold operators: None

221 Predicted operators: None

222 WHERE clause component similarities:

223 Column similarity: 0.25
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N

Column n-gram overlap: 0.45
Operator similarity: 1.00
Operator n-gram overlap: 1.00
Value similarity: 0.67
Value n-gram overlap: 0.75
Gold WHERE columns: {’source_graph’, ’source_node’, ’target_node’}
Predicted WHERE columns: {’source_graph’, ’target_graph’}
Gold WHERE operators: {’AND’, ’=’}
Predicted WHERE operators: {’AND’, ’=’}
Gold WHERE values: {’1349’, ’56666°, ’56690°}
Predicted WHERE values: {’56666°, ’56690’}
Query 10 similarity:
Keyword similarity: 0.60
Keyword n-gram overlap: 0.82
Argument similarity: 0.40
Argument n-gram overlap: 0.47
Operator similarity: 0.00
Operator n-gram overlap: 0.00
Gold keywords: {’FROM’, ’SELECT’, ’WHERE’}
Predicted keywords: {’FROM’, ’SELECT’, ’WHERE’, °ON’, ’JOIN’}
Gold arguments: {’name’, ’graph_type_definition’}
Predicted arguments: {’node_type’, ’graph_type_definition’, ’node’, ’graph_type_def_id’, ’name’}
Gold operators: None
Predicted operators: {’=’}
WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.29
Operator similarity: 1.00
Operator n-gram overlap: 0.00
Value similarity: 1.00
Value n-gram overlap: 1.00
Gold WHERE columns: {’graph_type_group’}
Predicted WHERE columns: {’node_group’}
Gold WHERE operators: {’=’}
Predicted WHERE operators: {’=’}
Gold WHERE values: {’tigerXML_node’}
Predicted WHERE values: {’tigerXML_node’}

Listing 9: Evaluation output for SmBop in Experiment 2.

Query 1 similarity:
Keyword similarity: 0.75
Keyword n-gram overlap: 0.82
Argument similarity: 0.20
Argument n-gram overlap: 0.40
Operator similarity: 1.00
Operator n-gram overlap: 1.00

Gold keywords: {’FROM’, ’SELECT’, ’WHERE’}
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Predicted keywords: {’FROM’, ’SELECT’, ’JOIN’, ’WHERE’}
Gold arguments: {’syntax_terminal_nodes’, ’word’}
Predicted arguments: {’sentence_number’, ’syntax_terminal_nodes’, ’node’, ’prosody_nodes’}
Gold operators: None
Predicted operators: None
WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.00
Operator similarity: 0.50
Operator n-gram overlap: 0.00
Value similarity: 0.50
Value n-gram overlap: 0.00
Gold WHERE columns: {’sentence_number’, ’‘sequence‘’}
Predicted WHERE columns: {’word’}
Gold WHERE operators: {’=’, ’AND’}
Predicted WHERE operators: {’=’}
Gold WHERE values: {’3’, ’1’}
Predicted WHERE values: {’1’}
Query 2 similarity:
Keyword similarity: 0.60
Keyword n-gram overlap: 0.69
Argument similarity: 0.00
Argument n-gram overlap: 0.12
Operator similarity: 1.00
Operator n-gram overlap: 1.00
Gold keywords: {’MAX’, ’SELECT’, ’FROM’, ’WHERE’}
Predicted keywords: {’FROM’, ’SELECT’, ’COUNT’, ’WHERE’}
Gold arguments: {’syntax_terminal_nodes’, ’‘sequence‘’}
Predicted arguments: {’prosody_nodes’}
Gold operators: None
Predicted operators: None
WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.00
Operator similarity: 0.00
Operator n-gram overlap: 0.00
Value similarity: 0.00
Value n-gram overlap: 0.00
Gold WHERE columns: {’sentence_number’}
Predicted WHERE columns: {’word’}
Gold WHERE operators: {’=’}
Predicted WHERE operators: {’LIKE’}
Gold WHERE values: {’3’}
Predicted WHERE values: {’1°}
Query 3 similarity:
Keyword similarity: 0.60

Keyword n-gram overlap: 0.53
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56 Argument similarity: 0.40

57 Argument n-gram overlap: 0.49

58 Operator similarity: 1.00

59 Operator n-gram overlap: 1.00

60 Gold keywords: {’FROM’, ’SELECT’, ’ORDER BY’, ’WHERE’}

61 Predicted keywords: {’FROM’, ’SELECT’, ’JOIN’, ’WHERE’}
62 Gold arguments: {’syntax_terminal_nodes’, ’pos’, ’‘sequence‘’}
63 Predicted arguments: {’node’, ’syntax_terminal_nodes’, ’pos’, ’prosody_nodes’}

64 Gold operators: None

65 Predicted operators: None

66 WHERE clause component similarities:
67 Column similarity: 0.00

68 Column n-gram overlap: 0.00

69 Operator similarity: 0.00

70 Operator n-gram overlap: 0.00

71 Value similarity: 0.00

72 Value n-gram overlap: 0.00

73 Gold WHERE columns: {’sentence_number’}
74 Predicted WHERE columns: {’word’}

75 Gold WHERE operators: {’=’}

76 Predicted WHERE operators: {’LIKE’}
77 Gold WHERE values: {’3’}

78 Predicted WHERE values: {’1°}

79| Query 4 similarity:

80| Keyword similarity: 0.75

81 Keyword n-gram overlap: 0.82

82 Argument similarity: 0.50

83 Argument n-gram overlap: 0.61

84 Operator similarity: 1.00

85 Operator n-gram overlap: 1.00

86 Gold keywords: {’FROM’, ’SELECT’, ’WHERE’}

87 Predicted keywords: {’FROM’, ’SELECT’, ’JOIN’, ’WHERE’}

88 Gold arguments: {’syntax_terminal_nodes’, ’pos’}

89 Predicted arguments: {’node’, ’syntax_terminal_nodes’, ’pos’, ’prosody_nodes’}

90 Gold operators: None

91 Predicted operators: None

92 WHERE clause component similarities:
93 Column similarity: 0.00

94 Column n-gram overlap: 0.00

95 Operator similarity: 0.00

96 Operator n-gram overlap: 0.00

97 Value similarity: 0.50
98 Value n-gram overlap: 0.00
99 Gold WHERE columns: {’sentence_number’, ’‘sequence‘’}

100 Predicted WHERE columns: {’word’}
101 Gold WHERE operators: {’=’, ’AND’}
102 Predicted WHERE operators: {’LIKE’}
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103 Gold WHERE values: {’3’, ’1’}

104 Predicted WHERE values: {’1’}

105| Query 5 similarity:

106 Keyword similarity: 0.75

107 Keyword n-gram overlap: 0.82

108 Argument similarity: 0.00

109 Argument n-gram overlap: 0.28

110 Operator similarity: 1.00

111 Operator n-gram overlap: 1.00

112 Gold keywords: {’FROM’, ’>SELECT’, ’WHERE’}

113 Predicted keywords: {’FROM’, ’SELECT’, ’JOIN’, ’WHERE’}
114 Gold arguments: {’syntax_graph_id’, ’syntax_graph’}

115 Predicted arguments: {’node’, ’syntax_terminal_nodes’, ’graph_id’}
116 Gold operators: None

117 Predicted operators: None

118 WHERE clause component similarities:

119 Column similarity: 1.00

120 Column n-gram overlap: 1.00

121 Operator similarity: 1.00

122 Operator n-gram overlap: 0.00

123 Value similarity: 0.00

124 Value n-gram overlap: 0.00

125 Gold WHERE columns: {’sentence_number’}

126 Predicted WHERE columns: {’sentence_number’}
127 Gold WHERE operators: {’=’}

128 Predicted WHERE operators: {’=’}

129 Gold WHERE values: {’3’}

130 Predicted WHERE values: {’1°}

131| Query 6 similarity:

132 Keyword similarity: 1.00

133 Keyword n-gram overlap: 1.00

134 Argument similarity: 0.33

135 Argument n-gram overlap: 0.73

136 Operator similarity: 1.00

137 Operator n-gram overlap: 1.00

138 Gold keywords: {’FROM’, ’>SELECT’, ’WHERE’}

139 Predicted keywords: {’FROM’, ’SELECT’, ’WHERE’}
140 Gold arguments: {’prosody_nodes’, ’word’}

141 Predicted arguments: {’tone’, ’prosody_nodes’}
142 Gold operators: None

143 Predicted operators: None

1

WHERE clause component similarities:
145 Column similarity: 0.50

146 Column n-gram overlap: 0.85

147 Operator similarity: 0.00

148 Operator n-gram overlap: 0.00

149 Value similarity: 0.00
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150 Value n-gram overlap: 0.00

151 Gold WHERE columns: {’tone’, ’file_sequence’}

152 Predicted WHERE columns: {’file_sequence’}

153 Gold WHERE operators: {’=’, ’AND’}

154 Predicted WHERE operators: {’NOT IN’}

155 Gold WHERE values: {’dlf-nachrichten-200703262000°, ’NONE’}

156 Predicted WHERE values: {’ (SELECT T2.node_id FROM node AS T2)’}

157| Query 7 similarity:

158 Keyword similarity: 1.00

159 Keyword n-gram overlap: 1.00

160 Argument similarity: 1.00

161 Argument n-gram overlap: 1.00

162 Operator similarity: 1.00

163 Operator n-gram overlap: 1.00

164 Gold keywords: {’FROM’, ’SELECT’, ’WHERE’}

165 Predicted keywords: {’FROM’, ’SELECT’, ’WHERE’}

166 Gold arguments: {’info_status_label’, ’info_status_target_syn_root’}
167 Predicted arguments: {’info_status_label’, ’info_status_target_syn_root’}
168 Gold operators: None

169 Predicted operators: None

170 WHERE clause component similarities:

171 Column similarity: 0.00

172 Column n-gram overlap: 0.00

173 Operator similarity: 1.00

174 Operator n-gram overlap: 0.00

175 Value similarity: 0.00

176 Value n-gram overlap: 0.00

177 Gold WHERE columns: {’syn_root_id’}
178 Predicted WHERE columns: {’info_status_node_descr’}
179 Gold WHERE operators: {’=’}

180 Predicted WHERE operators: {’=’}
181 Gold WHERE values: {’900614°}

182 Predicted WHERE values: {’1’}

183| Query 8 similarity:

184 Keyword similarity: 0.75

185 Keyword n-gram overlap: 0.82
186| Argument similarity: 0.75

187 Argument n-gram overlap: 0.89

188 Operator similarity: 1.00

189 Operator n-gram overlap: 1.00

190 Gold keywords: {’FROM’, ’SELECT’, ’WHERE’}

191 Predicted keywords: {’FROM’, ’SELECT’, ’JOIN’, ’WHERE’}

192 Gold arguments: {’node’, ’node_type’, ’node_group’}

193 Predicted arguments: {’node’, ’node_type’, ’edge’, ’node_group’}

194 Gold operators: None

195 Predicted operators: None

196 WHERE clause component similarities:
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197 Column similarity: 0.00
198 Column n-gram overlap: 0.17

199 Operator similarity: 1.00

200 Operator n-gram overlap: 0.00

201 Value similarity: 0.00

202 Value n-gram overlap: 0.00

203 Gold WHERE columns: {’node_id’}
204 Predicted WHERE columns: {’source_node’}
205 Gold WHERE operators: {’=’}

206 Predicted WHERE operators: {’=’}
207 Gold WHERE values: {’900620°}
208 Predicted WHERE values: {’1’}
209| Query 9 similarity:

210| Keyword similarity: 0.75

211 Keyword n-gram overlap: 0.82

21

N

Argument similarity: 0.67

213 Argument n-gram overlap: 0.83

214 Operator similarity: 1.00

215 Operator n-gram overlap: 1.00

216 Gold keywords: {’FROM’, ’SELECT’, ’WHERE’}

217 Predicted keywords: {’FROM’, ’SELECT’, ’JOIN’, ’WHERE’}
218 Gold arguments: {’edge_group’, ’edge’}

219 Predicted arguments: {’node’, ’edge_group’, ’edge’}

220 Gold operators: None

221 Predicted operators: None

222 WHERE clause component similarities:

223 Column similarity: 0.50

224 Column n-gram overlap: 0.55

225 Operator similarity: 1.00

226 Operator n-gram overlap: 1.00

227 Value similarity: 0.00

228 Value n-gram overlap: 0.00

229 Gold WHERE columns: {’source_graph’, ’source_node’, ’target_node’}
230 Predicted WHERE columns: {’target_node’, ’source_node’, ’node_id’}
231 Gold WHERE operators: {’=’, ’AND’}

232 Predicted WHERE operators: {’=’, ’AND’}

233 Gold WHERE values: {’56666°, 56690, ’1349’}

234 Predicted WHERE values: {’1°}

235| Query 10 similarity:

236 Keyword similarity: 0.75

237| Keyword n-gram overlap: 0.82

238 Argument similarity: 0.50

239 Argument n-gram overlap: 0.75

240 Operator similarity: 1.00

241 Operator n-gram overlap: 1.00

242 Gold keywords: {’FROM’, ’SELECT’, ’WHERE’}

243 Predicted keywords: {’FROM’, ’SELECT’, ’JOIN’, ’WHERE’}
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Gold arguments: {’name’, ’graph_type_definition’}
Predicted arguments: {’node’, ’name’, ’graph_type_definition’, ’closure’}
Gold operators: None
Predicted operators: None
WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.00
Operator similarity: 1.00
Operator n-gram overlap: 0.00
Value similarity: 0.00
Value n-gram overlap: 0.00
Gold WHERE columns: {’graph_type_group’}
Predicted WHERE columns: {’closure_name’}
Gold WHERE operators: {’=’}
Predicted WHERE operators: {’=’}
Gold WHERE values: {’tigerXML_node’}
Predicted WHERE values: {’1’}

Listing 10: Evaluation output for IRNet in Experiment 2.

Query 1 similarity:
Keyword similarity: 0.83
Keyword n-gram overlap: 0.61
Argument similarity: 0.21
Argument n-gram overlap: 0.23
Operator similarity: 0.50
Operator n-gram overlap: 0.00
Gold keywords: {’WHERE’, ’JOIN’, ’ON’, ’SELECT’, ’FROM’}
Predicted keywords: {’INTERSECT’, ’WHERE’, ’JOIN’, ’ON’, ’SELECT’, ’FROM’}

Gold arguments: {’graph_id’, ’prosody_nodes’, ’accents’, ’syntax_terminal_nodes’, ’word’, ’
source_id’, ’node_id’, ’target_id’, ’target_graph’, ’ts’, ’source_graph’, ’tone’, ’edge’}
Predicted arguments: {’node_id’, ’prosody_nodes’, ’word’, ’node’}

Gold operators: {’AND’, ’=’}

Predicted operators: {’=’}
WHERE clause component similarities:

Column similarity: 0.00

Column n-gram overlap: 0.00

Operator similarity: 1.00

Operator n-gram overlap: 0.00

Value similarity: 0.00

Value n-gram overlap: 0.00
Gold WHERE columns: {’grp’}
Predicted WHERE columns: {’node_type’, ’node_id’}
Gold WHERE operators: {’=’}
Predicted WHERE operators: {’=’}
Gold WHERE values: {’link_edge’}
Predicted WHERE values: {’syntactic leaf’, ’node.node_id’}

/| Query 2 similarity:
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Keyword similarity: 0.50

Keyword n-gram overlap: 0.53

Argument similarity: 0.07

Argument n-gram overlap: 0.10

Operator similarity: 0.00

Operator n-gram overlap: 0.00
Gold keywords: {’WHERE’, ’>JOIN’, °ON’, ’SELECT’, ’ORDER BY’, ’FROM’}
Predicted keywords: {’FROM’, ’WHERE’, ’SELECT’}

Gold arguments: {’sentences’, ’sentence_array’, ’graph_id’, ’tone’, ’terminal_and_prosody’, ’
word’, ’s_num’, ’seq’, ’node_id’, ’pos’, ’sentence_length’, ’ts’, ’accents’, ’filesequence’}
Predicted arguments: {’prosody_nodes’, ’word’}

Gold operators: {’=’}
Predicted operators: None
WHERE clause component similarities:

Column similarity: 0.00

Column n-gram overlap: 0.00

Operator similarity: 0.33

Operator n-gram overlap: 0.67

Value similarity: 0.00

Value n-gram overlap: 0.00
Gold WHERE columns: {’accents’, ’tone’}
Predicted WHERE columns: {’word’}

Gold WHERE operators: {’AND’, ’!=’, °LIKE’}
Predicted WHERE operators: {’LIKE’}
Gold WHERE values: {’[|NONE|’, *%\\\\%%’}

Predicted WHERE values: {’/nuclear’’}
Query 3 similarity:
Keyword similarity: 0.50
Keyword n-gram overlap: 0.60
Argument similarity: 0.00
Argument n-gram overlap: 0.01
Operator similarity: 0.00
Operator n-gram overlap: 0.00
Gold keywords: {’EXCEPT’, ’WHERE’, ’JOIN’, °0N’, ’SELECT’, ’FROM’}
Predicted keywords: {’FROM’, ’WHERE’, ’SELECT’}

Gold arguments: {’graph_id’, ’node_graph’, ’syntax_terminal_nodes’, ’subnode_id’, ’node_id’, ’
closure’, ’syntax_nonterminal_nodes’}

Predicted arguments: {’sentences’, ’sentence_array’}

Gold operators: {’AND’, ’=’}

Predicted operators: None

WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.00
Operator similarity: 0.00
Operator n-gram overlap: 0.00
Value similarity: 0.00

Value n-gram overlap: 0.00
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73 Gold WHERE columns: {’pos’, ’cat’}

74 Predicted WHERE columns: {’sentence_length’}

75 Gold WHERE operators: {’LIKE’}

76 Predicted WHERE operators: {’<’}

77 Gold WHERE values: {’DP[%’, ’A[%’}

78 Predicted WHERE values: {"(SELECT MAX( sentences.sentence_length ) FROM sentences WHERE

sentences.sentence_length LIKE ’JDPs’%’)"}
79| Query 4 similarity:

80 Keyword similarity: 0.80

81 Keyword n-gram overlap: 0.73

82 Argument similarity: 0.20

83 Argument n-gram overlap: 0.29

84 Operator similarity: 0.50

85 Operator n-gram overlap: 0.00

86 Gold keywords: {’WHERE’, ’JOIN’, ’ON’, ’SELECT’, ’FROM’}

87 Predicted keywords: {’FROM’, ’JOIN’, °ON’, ’SELECT’}

88 Gold arguments: {’graph_id’, ’prosody_nodes’, ’accents’, ’syntax_terminal_nodes’, ’word’, ’
source_id’, ’node_id’, ’target_id’, ’target_graph’, ’ts’, ’source_graph’, ’tone’, ’edge’, ’

filesequence’}

89 Predicted arguments: {’prosody_nodes’, ’syntax_graph’, ’graph_id’, ’word’}
90 Gold operators: {’AND’, ’=’}

91 Predicted operators: {’=’}

92 WHERE clause component similarities:

93 Column similarity: 0.00

94 Column n-gram overlap: 0.00
95 Operator similarity: 0.00
96 Operator n-gram overlap: 0.00

97 Value similarity: 0.00

98 Value n-gram overlap: 0.00

99 Gold WHERE columns: {’grp’}
100 Predicted WHERE columns: set()

101 Gold WHERE operators: {’=’}
102 Predicted WHERE operators: None
103 Gold WHERE values: {’link_edge’}

104 Predicted WHERE values: set()

Listing 11: Evaluation output for SmBop in Experiment 3.

Query 1 similarity:

2 Keyword similarity: 0.50

3 Keyword n-gram overlap: 0.60

4 Argument similarity: 0.00

5 Argument n-gram overlap: 0.04

6 Operator similarity: 0.00

7 Operator n-gram overlap: 0.00

8 Gold keywords: {’SELECT’, ’FROM’, ’JOIN’, ’EXCEPT’, ’ON’, ’WHERE’}
9 Predicted keywords: {’FROM’, ’WHERE’, ’>SELECT’}
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10

26

Gold arguments: {’closure’, ’subnode_id’, ’graph_id’, ’syntax_terminal_nodes’, ’node_graph’, ’
syntax_nonterminal_nodes’, ’node_id’}
Predicted arguments: {’created’, ’graph_type_definition’}
Gold operators: {’AND’, ’=’}
Predicted operators: None
WHERE clause component similarities:
Column similarity: 0.00
Column n-gram overlap: 0.00
Operator similarity: 0.00
Operator n-gram overlap: 0.00
Value similarity: 0.00
Value n-gram overlap: 0.00
Gold WHERE columns: {’cat’, ’pos’}
Predicted WHERE columns: {’graph_type_def_id’}
Gold WHERE operators: {’LIKE’}
Predicted WHERE operators: {’NOT IN’}
Gold WHERE values: {’DP[%’, ’A[%’}
Predicted WHERE values: {’ (SELECT T2.source_id FROM edge AS T2 JOIN node AS T4 JOIN
prosody_nodes AS T3 WHERE T3.word like 1 )’}

Listing 12: Evaluation output for IRNet in Experiment 3.
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