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Representing SQL Queries using the Bert
Model

Abstract:

uery analysis applied to databases is a starting point for many
critical tasks in database management, such as workload
summarization, index tuning, and other administrative tasks. Given
the difficulty of performing manual analyses with the expansion of
database sizes, the complexity of queries, and the increase in
workload, it was essential to find effective numerical
representations of queries to accurately represent information for
use in machine learning algorithms. For example, these
representations can serve as input for reinforcement learning

algorithms designed for index tuning.

This study aims to utilize an advanced language model, BERT, to
create representations for queries. The research involves extracting
embeddings using the model and then evaluating their effectiveness

in two tasks: similarity detection between queries and clustering.

The results showed high-quality embeddings for the model in the
similarity detection task. BERT outperformed reference query
similarity methods in all test datasets in terms of the silhouette
score, achieving an improvement of at least 90% for this metric,
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and significantly reducing the BetaCV coherence measure by at
least 82% compared to reference similarity methods.

Clustering-level tests were also conducted, where BERT was
compared with three other well-known language models using three
clustering algorithms. The results demonstrated BERT's notable
superiority in forming cohesive and distinct clusters across various

datasets, especially with K-means and HAC algorithms, while also
performing well with the Optics algorithm.

Keywords: Query Embeddings, Workload Analysis, Natural
Language Processing, BERT Model, Similarity Metrics, Clustering.
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NER sy Wi aiocs 2k ) Sy IS0 il g L) 4,335 Goyle
BERT 135 & Jlall sa LS 2alal) Cladaall alane Qi ¢ (3800) Jasall (uyyi 3
(e Anlg desane o Lodiie @il (3éat) 4l o34 Hlasiuly BERT (38 o6 38

Agaglall 42l el

: clustering methods paadll @luids .5

o Batiaall LED e 5855 Jenll 138 8 WSl cpandl) il e el a5
«Density-based clustering 48U<ll « Centroid-based clustering Syl
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Gub oo GULY degane b bl Ll ady asky 3O G i) gl
350 A iy A IS G s & e ganall o e 23] Sha slay
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27



BERT glisal piiinds SQL chadlail i

Lo sead) J€ bl 8 laliall GBUS e adiey ZUSY ) atiad) gpeal
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JS my b Cile gene JiSl Layyi Lalin JSY) Cle ganl) rad oy o5 cAliaiia
GAJS\ Z\Tglns g 4\.1\.&:3]\ L%ISA k_iLuA '5.31.:;‘\ (s.g 4@3 t-\_AA.:;

el JUY) .6

oo lele Jsaal) 2y ) elaall Ga ol G Al el adl) 28 8y
5o US ddyra ) il Lol 8 5)sS0d) A6l aglall Culluds Bert g s
Asalll z3laill (e de sanar 43)lae clustering pueatl) g5 Je Bert il
.Bj}@..ﬂ\

ralibl) Gilegana

s el e 435S Cilegana b2 o o3V 4le Maw Sy

53 IIT Bombay 4asla (e dhasiual ([17] TIT Bombay 1sY) de sendll
(Nsme 14) L0 20 e bl aeldsale b Glaial e DUl cilila) e
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e 23 Automated-Grading-of-SQL-Statements [18] 53AY) de ganall
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: IIT Bombay <Uly 4ssaaa

IIT Bombay

80

60
| I
, —mENlm i

number of queries

o

o

"B AR AR EE KR BY B2 EY BY BEE BAN BAR RAE BE
IIT Bombay «ilily desane (o 14J) lidl) e cladlaiunl) &5 14 JLUi)

rlilll de sana b B2gasal) iledlaindl Jlie

label query

select distinct course_id title from course

select course_id title from course

select course_id fitle from course where dept_name="comp. sci’

select distinct course.course_id course title from course where course.dept_name="comp. sci.’
select course.course_id,course title from course where dept_name="comp. sci’

[ R L R LS I LN

select course id title from course where course.dept name = ‘comp. sci’

[IT Bombay «ulily de gana (A GLSaiuy) (e die 15 JSA)
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:UB Exam <ULy sz

dal) Jlsadll
How many distinct species of bird have ever been

2014 seen
by the observer who saw the most birds on

December 15¢ 2013?

2015 You are hired by a local birdwatching organization,
who’s database uses the Birdwatcher Schema on
page 2. You are asked to design a leader board for
each species of Bird. The leader board ranks
Observers by the number of Sightings for Birds of
the given species. Write a query that computes the
set of names of all Observers who are highest
ranked on at least one leader board. Assume that

there is no tied rankings.

UB Exam iy de gena 3 deaiiiuall Y1 11 Joan

Year 2014 2015
Total number of queries 117 60
Number of 110 51
syntactically correct
queries

Number of distinct 110 51
query strings

Number of queries with 62 40
score > 50%

UB Exam culily 4e sana A 32sagall Uikl (adle 12 Jooa
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207 | ‘ “
1 2 3 4 5 6 7 8
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100 4
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o 1 2 3 4 5 6 7 & 9 10 11 12 13 14 15
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g dsadll 3B Japal
(L e S anag dady ales o lisee ) 7 3paill £ liny (BERT alla b

Cslad) 13 Al alea ) alis v das @il Jany S 380 i Adee
Basnall dagal) oyl 33 gane bl de gana 058 Ladie Faald Tade oS
‘;-mhni JS aadiey aapn Jee ) 545 sentence-transformers alaaiuly Lid
Q\}ZJMM E) PYTOI'Ch ‘_Ac AA:u_.g JU:::}“ .)J..AS‘) u.a\,.-.a.d\ 4434;.\1 QLIL\:\MB J\Aﬁ‘g
Ay dapenai 2y e giia alee o e ) 3kl (o daudy de gana adiys

Aegle Jenll 2l degall po 3815 Ly 3Ll Janm Jeudl (g Jan
e dii sa5[3] Sentence-BERT (SBERT) o iy o g Jalatiins L 4
BERT J &l =i . Siamese 4l GIGEIS Gile g 3ae aladinly BERT 4S0i
YA i) Ljlie Jie lile Gakaill 446 (S5 o) Al Hlead) (may b aadiey o
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A dalles zliad D (USee A1) Oldlain) pe Jalais Wiy L Dlaiu) Ll
dadie Glesane bl G o QUL Glegane of Lo pusge IS5 il
fob Loy Liad bl jacmatl ccladlai) A (ge SEI il U8 e Usy
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B yraa oHlaa &‘\ aylaal) pe> Jignt @

Aasaiall bl 1)) e
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Lk Y ol g shaall Jlasll BlalS s sl Sl 58 e o Ayl Ao
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(onilite cpdlaia¥) o ) ) 7255 JU'0" dad pe g AT

¢ sSaall HURY alasinlys ey dead) 4l sl ladiuly Bert z3sei Jasay Lid
Al sledll Gulia Hasin) s

derdiid) lall JIss e g5 8 :contrastive loss ilal) §ludll (ulia
OsS Cun Slinaaill bl (AT ey (Rasaiall) Apebind) clasl) 8 ails IS
O dabidey dgbinall el dgline (s< l) cOiall ala s Cagll
o] Al )l sl oy eclgplinl) ales o) Jand) Gpanal (Bl 3 L Aabisal
i) o ladll 8 (el lpany leay Jaall e Ailes 71550 auy oz 3sal
AR #1330 (mad) Ly (e B

Rl # g3l e o clilual) ke DA e Lulal) sluald)l Ay Jexs
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Al 5Ll Gl 2 (0 Aibiss
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1 1
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P SEEL N
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G Apalual) el (Al 21531 20l sae 8 aSaty o) 2oLl Jales 58 :M
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cagmaen 293V dal e byledd) Jaes 320 2 2 1530) aead JalS < 55l
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Al 4Ll Alse a5 ALadl)

Bert z3sai sl Ly Liad il Zpaill calae) Jsaall gy

3 Epoch
24 Batch size
Adam Optimizer
2e-5 Learning rate
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0.3 (2l Jales) Margin

BERT zsai Jaswa cilalae) :3 Jgan

Aol SHluall Al aladtiuly 7 3 gaill av

e

ContrastiveLoss

BERT g3 el a3l 5Ll :8 (<)
:ladiisal) goandl) Guplia .7

Aagall Ladiy 2581 Al BlSaiaY) Jiad e Bert cilivaad 3)08 (530 agh A i)
Sy 4l Cagyrall ey 4df Cua Calide JS5 Ay cuilS 13) iy LlEie i
Pl ppadaia ) Qi) Jas ad dgaliie alga oY Aalida (3ykay Slain¥) 4,18

tJgY) adlai!

category, SUM{sales amount) total sales

sales

{sale_date) =

category;
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category, total sales
category, SUM{sales_amount) total_sales
sales

(sale_date) =

category) sales summary;

dagall i ol Legalatin) 2y G Cpeiliie Gy AUy J1 aedlainy]
legie JS delua ddyla Bl (e a2l

gl Dilblee Jlae A deddiiinall Lunliall (e de gans aladiuly o8 apilly HLall
el 3 i e Yy peaill Aiiall el Wy Gulhe IS auiy 50 WSl
Clilaall a5 Aasg Bolad iy a5 Aiune aead Aaal sl pladiul (50 (5T Lot
s aladiuly 4l i L) e desend (pairwise distance)isl
el i Qunlia aladiad ey (WliySd ) Asinall Glill) Cile ganay lilosall
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i) (e A sene

Sy dpall Gadai day el G ddluall CGluad dilue s Lyl Loy 4l
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AL 35all

Dunn Index = min (inter-cluster distances) / max (intra-cluster
distances)
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-

Oty LAdlide Gile gane G ALl ) jads mllacas :Inter-cluster distances
W ol ccile sanall G Adluall i LS L cle sanall (4l are ol (34l)
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A (g5iad Al e el Lliis § Ak (s Aansiall Ailadll 52 a(i) @

Y Ll e gsind degane iy 1 AbE o Aaugidl diludll g8 b(i) e

el i

39



BERT glisal piiinds SQL chadlail i

Al Jalaall Clua iy 8 (a5 e ganall G Ll J< JBI Jales loa Sy
Ll pand Q) lalaal A siall Aall Aoy

:Betacv (ulida

intra—) 3\.::}4;.«3\ \.@Jal,ﬁ)\ LA&: W SJ);J\ Sl pudy e@m;ﬂ\ RPN )ﬁdﬁﬂ eJ.A:\M:‘
bugie u 4wl s Beta cv ey .(inter-distance) Dl (distance
e eliall B paall adl) e saadl (s Ailuall dassiag e sanall Jals dilal

Lol gleal Qi 5a5a )

sl iLpadl .8

aladiuls 4ulaull Google Colaboratory dai e laddiig 40l o)) &
SN anlia alaaiuy beta cv «sklearn «liSas sentence_transformers
agia

tss¥) Al

2lie L gy 4l sl Ll Bert z3pad livensi 5 S 3 jaa Cangl)
Z3saill I il ppaly lad Loy AL cluhall 8 5y Sall by
L 20l 5elall 8 L leind) sder daldl) Cilamill e Ulasy cjaal
cayiall (o ) de sanall (lgie as lgle llas Al Gl degane jpaly
13 ) Aila) (Rigine iy Cile gana e Jalati Liig€) Slatiad JS L) ey o
LS Gpana Ayl ¢ 13Y) Lunlia Y (cosine distance alaill cam) ddluall s
.z 3salll ¢1df ap@l (Dunn index csilhouette <betacv)

Aligon ) Clmayall 8580 43l Cullal 36 o 43)lae 3l JIKEY) el
Adluse 8 e e Jiadl usll aadiny L JS ( Makiyama <Aouiche

40



Aila glaall g A3y 1Y) 9 ASailCal) Apunigl) o glad) Aluidis aaa daaly dlas

oy Nga  ALS AN ) g 2025 ple 3 saall 47 slaal)

ol Cus Bert clisaca aladiuly cldlaiul) o alially caplal Guldl e
sl Aallea)l 3sha Buli 50 & False dedll ge wd ) 3aeeY)
s True Al Ly [2] Al s s jisall (i) gz haind 35ha) ciladlaindll
Zisa padiins Ll AL puaally adlil) (ulie Guls Jd Aallall 028 shal oo
o oY @y LD dinse dalles (o Gulai (50 4danay Lad o3 Bert
& Bert zasad (e dasydia) Glpaaill dled sas o ¢l ladus s )
s Fearae bl 4ala) dallee ilghady Jasi (of (50 ldlain) Ji

tdsy) Apaall il
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