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B maHHOM uccnefoBaHUM MOAY/b PensiUMOHHOIO BHUMAHMUS UHTerpupyeTcs B npefoby-
YyeHHyto mogenb Transformer Seq2Seq u ocylecTBnsieTcs npeobpasoBaHMe BOMPOCOB Ha
eCTeCTBEHHOM fi3blke B KOMaHAbl M3BMIEYEHMSI Ha f3blKe CTPYKTYpUPOBaHHbIX 3amnpocoB
(SQL) c noMowbio 3KCNepuMEHTOB Ha Habope faHHbIX Spider. Llenb 3Tol HayyHoW CTaTbu
COCTOUT B TOM, YTO6bI YNIYYLLNTb TOYHOCTb U 3 HEKTUBHOCTb Npeobpa3oBaHmus TekcTa B SQL-
3arnpochbl, UCMOMb3ys MeXaHW3M PeNIALMOHHOrO BHUMaHUA B MoAenu TpaHchopmepa. CtaTtbs
npeactasnseT mogenb RASAT (nepexos SQL Ha ocHOBE pensiLMOHHOIO BHUMaHWS), KoTopast
3aMeHsieT MoAy/nb CaMOBpalleHWss B dHKoAepe TpaHchopMepa Ha MoAaynb PensiiMOHHOMO
BHUMaHWS AN 06paboTKM 3agay TeKcT-K-SQL. 3ToT noaxon MO3BOSSET Jiyulle yYnTbiBaTb
CEMaHTUYeCKMe CBA3W MeXAY CYLHOCTSIMU B TEKCTE U reHepupoBaTb 6osiee ToyHble SQL-
3anpocbl. MeTofbl WCCNefOBaHUs BKIOYAKOT WCMONb30BaHWe MpefobyyeHHon mMopenu
TpaHcdopmepa (T5-small) u ee o6yyeHne Ha Habope faHHbIX Spider c BBefileHMEM Moaynsi
PeNALMOHHOIO BHUMaHWA. IKCNepuMeHTanbHble pesysbTaTbl MOKa3blBalOT 3HaYUTENbHOE
ynyylleHWe nokasaTesied TOYHOCTU Mpu npeobpasoBaHuu TekcTa B SQL no cpaBHeHuto ¢
6a30BOM MofesNblo 6e3 penALUMOHHOrO KOMMOHEHTa. JKCNepuMeHTaNbHble pesynbTaThl fe-
MOHCTpUpYIOT, UTo Modenb RASAT ynydywaeT npousBOAMTENbHOCTb MO nokasatento Exact
Match Ha 1,82 % ¥ TOYHOCTb BbINOIHEHUSA Ha 3,26 %. ITW YyNyYLLEHUS JOCTUIHYTbI HECMOTPS
Ha TO, YTO KOMMYECTBO 3MOX 06ydyeHuss 6bino orpaHuMyeHo 500 BmecTo 3072 ansi 6a30Bow
Mogzenu, 4To nofyepkusaeTt 3hEKTUBHOCTb NPeASIOKEHHOrO NOAX0AA AAXe NMPU OrpaHUYeH-
HbIX BbIYMC/UTENbHbIX pecypcax. B 3akouyeHne nmoayvepkuBaloTCA MepecreKkTUBbl JanbHeik-
LIero pa3BuTMS MeToAa PeNALMOHHON MOAENN AN yNyULlleHNs KayecTBa CUCTEM, CBA3AHHbIX
C 06paboTKON €CTECTBEHHOIO si3blKa U 6a3aMu AaHHbIX.
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In this study the relational attention module is getting integrated into pre-trained
Transformer Seq2Seq model and realize the conversion of natural language questions to
Structured Query Language (SQL) retrieval commands by conducting experiments on the
Spider dataset. The purpose of this scientific article is to improve the accuracy and
efficiency of converting text into SQL queries by using the relational attention mechanism
in the transformer model. The article presents the RASAT (Relational Attention-based
SQL Transformation) model, which replaces the self-rotation module in the transformer
encoder with a relational attention module for processing text-to-SQL tasks. this approach
allows you to better take into account the semantic relationships between entities in the
text and generate more accurate SQL queries. The research methods include the use of
a pre-trained transformer model (T5-small) and training it on the Spider dataset with the
introduction of a relational attention module. Experimental results show a significant
improvement in accuracy indicators when converting text to SQL compared to the basic
model without a relational component. The experimental results demonstrate that the
RASAT model improves the Exact Match performance by 1.82% and the Execution
Accuracy by 3.26%. These improvements are achieved despite the fact that the number
of training epochs was limited to 500 instead of 3072 for the basic model, which
emphasizes the effectiveness of the proposed approach even with limited computing
resources. In conclusion, the prospects for further development of the relational model
method to improve the quality of systems related to natural language processing and
databases are emphasized.
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Introduction

SQL (Structured Query Language) is a standardized language for managing relational
databases and is widely used in database management systems. It is widely used in database
management systems to query, update and manage data. The difficulty of learning SQL varies
from person to person: it may be relatively easy for someone with a programming or data
processing background, but for beginners, understanding the concepts and syntax of SQL may
take time and practice.The complexity of SQL lies mainly in its rich syntax and functionality,
including, but not limited to, a variety of querying, joining, filtering, sorting, and aggregation
operations. As such, SQL is an invaluable skill that provides solid support for areas such as data
analysis and management and software development.

The introduction of artificial intelligence technologies, especially deep learning and
transformational modeling for natural language processing, has brought new opportunities to
address the challenges of SQL learning.

Transformation models have achieved great success in the field of natural language
processing due to their excellent sequence modeling capabilities and attention mechanisms. By
applying the transformer model to the task of converting text to SQL, we are able to handle the
complex structure and semantics of natural language and achieve efficient and accurate
transformations. The converter model is able to capture remote dependencies and contextual
information, resulting in more accurate generated SQL queries.

This task aims at translating natural language questions into SQL queries.

It is one of the most important semantic parsing tasks of practical significance today as it can
significantly reduce the barriers for non-specialized users to interact with databases [1].

l. Related Work

Early approaches typically employ a sketch-based slot filling technique, where various
modules are utilized to forecast specific segments of SQL. These methodologies break down
the SQL generation task into multiple autonomous sketches and employ diverse classifiers to
predict the corresponding parts. Examples include SQLNet [2], SQLOVA [3], RYANSQL [4],
among others.

However, many of these approaches are limited to handling simple queries and struggle to
generate accurate SQL in complex scenarios like those found in the Spider dataset.

In the realm of text-to-SQL tasks, grappling with multi-table and complex SQL scenarios has
propelled the adoption of graph structures to encapsulate intricate relationships.

[lustratively, Global-GNN [5] represents the convoluted database schema through graph
representations. LGESQL [6] delves deeper into distinguishing local and non-local relations by
leveraging a line graph enhanced hidden module. SADGA [7] leverages contextual and
dependency structures to encode question graphs, while schema graph utilizes database schema
relations. S2SQL [8] enriches relational graph attention networks (RGAT) [9] with syntactic
dependency information.

In 2021, Shaw et al. [10] showed that fine-tuning the pre-trained T5-3B model can produce
results comparable to the state-of-the-art at the time.

Based on this finding, Scholak et al. [11] proposed to constrain the autoregressive decoder
through incremental parsing during inference time, effectively filtering out dynamic syntax error
sequences during the beam search process, thereby significantly improving the quality of the
generated SQL.
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Il. Dataset and Baseline

Spider is a large-scale complex cross-domain semantic parsing and text-to-SQL dataset
annotated by 11 Yale students. The goal of the Spider Challenge is to develop natural language
interfaces to cross-domain databases [12].

The Spider dataset is a multi-database, multi-table, single-round query Text-to-SQL dataset,
containing 10181 questions and 5693 unique complex SQL queries, 200 databases with multiple
tables, covering 138 different fields. It has strong practical applications.

Why Spider?

Spider stands out from previous semantic parsing tasks depicted in the spider chart due to its
unique characteristics, it occupies the largest area on the chart, marking it as the pioneer in
complex, cross-domain semantic parsing and text-to-SQL datasets (shown at Fig. 1).

# SQL
1

# HAVI

# NEST

—— ATIS
Geo # GROUPBY——% ORDERBY

—— WikiSQL

—— Spider

——— Academic

Fig. 1. Advantages of the spider dataset [18]

Database splitting:

206 databases were split into 146 trains, 20 devs, and 40 tests, with all questions from the
same database in the same grouping (train/dev/test).

Only train and dev are used in this task.

To better understand the performance of the model on different queries, the SQL queries
were categorized into 4 levels: easy, medium, hard, and extra hard. Difficulty is defined based on
the number of SQL components, selections and conditions, including more SQL keywords such
as GROUP BY, ORDER BY, INTERSECT, nested subqueries, column selections and
aggregation statements would be considered as difficult.

Evaluation Metrics:

The accuracy of the system is measured based on the difficulty of the query, and an official
evaluation script is released along with the corpus (shown at Fig. 2).

Exact Match: the predicted query is correct when and only when each component is correct.

Execution accuracy: exact matching may lead to false negative [not understood] evaluations,
so execution accuracy is also taken into account, similarly if the returned result is the same as the
standard but with different semantics, false positive errors may be reported, which can complement
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each other as well; and finally if there is a JOIN and a GROUP in the query statement, the then the
evaluation can accept multiple keys.
Thus the execution accuracy is always a bit higher than exact matching.

Easy
What is the number of cars with more than 4 cylinders?

SELECT COUNT (*)
FROM cars data
WHERE cylinders > 4

Meidum
For each stadium, how many concerts are there?

SELECT TZ.name, COUNT (*)

FROM concert AS T1 JOIN stadium AS T2
ON Tl.stadium id = TZ.stadium id
GROUP BY Tl.stadium_id

Hard

Which countries in Europe have at least 3 car
manufacturers?

SELECT Tl.country name

FROM countries AS Tl JOIN continents
A5 T2 ON Tl.continent = TZ2.cont id
JOIN car makers AS T3 ON
Tl.country id = T3.country

WHERE TZ2.continent = 'Europe'

GROUP BY Tl.country name

HAVING COUNT (*) >= 3

Extra Hard

What is the average life expectancy in the countries
where English is not the official language?

SELECT AVG(life_expectancy)

FROM country

WHERE name NOT IN
(SELECT T1.name
FROM country AS Tl JOIN
country language AS T2
ON Tl.code = T2.country code
WHERE T2.language = "English"

AND T2.is_official = "Ppw)

Fig. 2. SQL query examples in 4 hardness levels [18]

lll. Model

The structure of the RASAT model depicted in Figure 3, is straightforward in terms of
architecture. It utilizes the T5 model as its foundation, replacing the self-attention modules in the
encoder with relation-aware self-attentions.

The encoder's input comprises questions (Q), a database schema (S) consisting of tables (T)
and their columns (C), along with the database name (S), and mentions of database content, all
accompanied by essential separators. The approach to serializing these inputs largely aligns with
Shaw et al. [10] and Scholak et al. [11]. Formally, it can be expressed as:
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X:Q|S|tl:cll[v],...,clw|t2:czl,..., (1)

L 4

where 7, is the table name, ¢; is the j-th column name of the i-th table.

The v € V showing after column ¢,, is the database content belonging to the column that

has n-gram matches with the tokens in the question.

As for delimiters, I use | to note the boundaries between Q, S, and different tables in the
schema.

Within each table, I use: to separate between table name and its columns. Between each
column, '' is used as the delimiter.

For multi-turn scenarios, the model prepends previous questions to the beginning of the
sequence and trim tokens from the front when the sequence reaches 512 in length. This ensures
continuity while managing sequence length constraints:

X:Q1|Q2|"-|Q1|S|t1 e [V, )

where use '|' as delimiters.

Following this, I introduced various types of relations in the form of triplets, establishing
links between tokens in the serialized input, which naturally transforms the input sequence into a
graph (Fig. 3). Furthermore, since almost all relation triplets have a head and tail that correspond
to words or phrases, while the T5 model operates at the subword level, it also implements relation
propagation to map these relations to the subword level.

To fine-tune this model, RASAT inherits all parameters from T5 and randomly initializes
additional relation embeddings introduced by relation-aware self-attention. The overall increase
in parameters is less than 0.01 %.

The entire model architecture inherits the seq2seq design from T5, comprising multiple layers of
encoders and decoders. In the encoder, the self-attention modules are replaced with relation-aware
self-attention, which incorporates two additional relation embedding lookup tables R, and R . We
transform the sequential input into an interaction graph by introducing various relation types and
adapting them to the subword level through relation propagation. During the forward pass, the
relation-aware self-attention modules access the relations of each token via the interaction graph and
fetch the corresponding relation embeddings from the lookup tables R, and R,.

I

Linear

f

Transformer Encoder Layer

N x [ Multi-Head ]

Relation-Aware Self-Attention | Transformer Decoder Layer x N
(| scaled Dot-product Atention | i f
f_J':_ ) Input Embedding Output Embedding
b b f
v :
K a ‘ INPUT: gy gl o G Guialdu 9o g qu | ST e vl ep b cey
BRR N edgeembecaing HR N
\ Cr 3 0, N ion Graph
[ ——amr— &7 iy n -} hast = Interaction Grapl
j r-l: Dep o~ :'\'__,_ [rris f
R [12_1 - tﬁb ey :
L of J hasC - O Question Token
7 (L ot ® :Ja\—q_ . _l—l Bage _,.ﬁ [ Table Taken
A Match --r"‘; & Column Token
Trainable Lookup Table - O Database Value Token

Fig. 3. The overview of the RASAT model [18]
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A. Relation-aware Self-Attention: Relation-aware self-attention [13] augments the vanilla
self-attention [15] by introducing relation embeddings into the key and value entries. Assume the

input to the self attention is a sequence of n embeddings X =in, where x,€ R, then it

i=1

calculates its output z as (|| means concatenate operation):

(xw (ij,gh) +r )T
Jd./ H

(h
0

) = soft max

b

Z; :||£1=1 |:za5jh) (ijV(h) + ri}/ ):|a 3)
Jj=1

where H is the number of heads, and WQ(”), W,gh), WV(h) are learnable weights. The ry.K , r[jf’ are two

different relation embeddings used to represent the relation r between the i-th and j-th token.

IV. Baseline

The baseline model is to use the original Transformer model, which treats text-to-SQL tasks
as processing text-to-text tasks [15].

On this basis, this task consists of replacing the self-attention module in the encoder of the
Transformer model with a relational attention module for text-to-SQL transformation. Compared
with the baseline model, the RASAT model introduces the relational attention mechanism, which
makes the model more accurate and efficient in understanding the semantic relationship between
text and SQL. The relational attention module better captures the associations between entities in
the text and thus generates more accurate SQL queries. As a result, the RASAT model has higher
performance and accuracy in handling text-to-SQL conversion tasks, providing a more intelligent
and efficient solution for database querying and management.

V. Limitation

Due to the limitations of the author's computing resources it was impossible to utilize the large
T5-3B model, and therefore this task could not be optimized. Model was trained on an A100 GPU
(80G) for about 1 day. The model truncates the source sequence to 512, which can lead to loss of
information. This can lead to information loss when the sample input is long. The model is only
applicable to English because it has more analytical tools and resources than other languages.

Conclusion

Table illustrates results as well as the results on the baseline model. By integrating relational
attention into a pre-trained Transformer Seq2Seq model using the Spider dataset, the RASAT
model (based on T5-small) achieves significant improvements in the text-to-SQL transformation
task compared to the baseline model (T5-small).

Specifically, the RASAT model improves 1.82 % on Exact Match (EM), from 47.2 % to
49.03 %, and 3.26 % on Execution Accuracy (EX), from 47.8 % to 51.06 %.

These results show that by replacing the self-attention module in the Transformer encoder
with a relational attention module, the RASAT model is more accurate and efficient in
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understanding the semantic relationship between text and SQL. The relational attention module
is able to better capture the associations between entities in text, which makes the generated
SQL queries more accurate and provides a more intelligent and efficient solution for database
querying and management.

It is worth mentioning that the baseline model has been trained for 3072 epochs, but due to
the limitation of computational resources, my RASAT model has only been trained for
500 epochs on A100 GPUs, and the batch size has been reduced to the original general one,
which is far less than the number of rounds of training of the baseline model, but it can be clearly
seen that the result has been better than that of the baseline model.

Result for T5 model and RASAT model on Spider dev set.
The performance of TS baselines are from [17]

Approach EM EX
T5-small 472 % 47.8 %
RASAT 49.03 % 51.06 %

(T5-small) (+1.82 %) (+3.26 %)
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