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Part 0: Overview
— Ch1: Introduction

Part 1 Relational Languages
— Ch2: Relational model

— Cha3: Introduction to SQL
— Ch4: Intermediate SQL
— Ch5: Advanced SQL

Part 2 Database Design
— Ch6: Database design via E-R model

— Ch7: Relational database design

Part 3 Application Design &
Development
— Ch8: Complex data types

— Ch9: Application development

Part 4 Big Data Analytics
— Chl10: Big data

— Chl1: Data analytics

Part 5 Storage Management & Indexing
— Ch12: Physical storage systems

— Ch13: Data storage structures
— Chl4: Indexing

Part 6 Query Processing & Optimization
— Ch15: Query processing

— Ch16: Query optimization
Part 7 Transaction Management
— Chl7: Transactions
— Ch18: Concurrency control
— Ch19: Recovery system
Part 8 Parallel & Distributed Database
— Ch20: Database system architecture
— Ch21-23: Parallel & distributed storage, query
processing & transaction processing

Advanced topics
— DB Platform: OceanBase, MongoDB, Neo4J
— RAG, Multimodal retrieval, ... 2
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 Alternative ways to execute (#117) a given query
— equivalent expressions
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— different algorithms for each operation

« The cost difference between a good way and a bad way of executing a query
can be enormous

« Estimate the cost of operations

— depend on the statistical information about relations which the database should
maintain

— need to estimate the statistics for intermediate results to compute the cost of
complex expressions
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Hname, title
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instructor (ID, name, salary)
course (course_id, title, credits)
teaches (ID, course_id, sed_id,

semester, year) v ~

dept_name = Music name, title

instructor / [X] \ Tdept name = Musw/
teaches Hcourse_id, title instructor teaches Hcourse_id, title
course course
(a) Initial expression tree (b) Transformed expression tree
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(sort to remove duplicates)
I1 name, title
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PX}| (merge join)

I

sort,,
(hash join)
SOI’tlD N \
Ga’ept_name = Music Hcourse_id, title
(use index 1)
instructor teaches course
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Cost-based Optimization, EF{CMNAIIT
- TR FEZE SR EFREINFNMITREN
- (ERZEMHN
- S82: MNRFFERRIAIIUAELDIVNE, FEARNEEHFATITX
- 83 (IS MTIT IR, ERETH RSN TIT
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 Equivalence of two relational algebra expressions
— Generate the same set of tuples on every legal database instance
— Note: the order of tuples is irrelevant

@@ R %+ 5

” TONGIJI UNIVERSITY

- Equivalence rule (SHfisRm)

— The expressions of two forms are equivalent
— Can replace expression of first form by the second, or vice versa
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ML SEEFEEER oEARNMEFEEEFS
O 9, r0, (E)= Oy, (092 (E))
N2 EEFREEHERERE (commutative)
o, (0, (E)) =0, (o, (E))
B3 ZNEEREHPRERE—TEEERYNEN, R
I, (I, (... (I (E)).-.)) = 11, (E)
M4 SRR ERI LA S B RRRBRLAIROERESS

09(E1 X E3) = Ey Mg E,
0g1(E1 Mgy E) = Eq Mgipg2 E

10
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HIMS . oifzmE sL iR
- E1 M9E2=E2 NQE]_

Mlea: BAEKHRESSE
- (B W Ep) X E3 = E; ) (E; X E3)

#Nleb : oiEEmE FYIFINNESE:
— (E1 ®gq E3) Mgopp3 E3 = E; Mgiagz (B2 Mgy E3), BREAO, JIZRE,FERIEMH

X Rule 5 X

SN TN
£, E, E, £,
X Rule 6.a X
7N\ N
X E, E, X
/N /N
E, E, E, E;

11
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- MW7

- a. SERFH0, PRERMRIE RS SERIRIATNZ —3NE, BT :

R EE TERE TR NoEERE D EE

og,(E1 Mg Ep) = (0g,(E1)) Mg E

— b, HEEFM, RIS RENEM, 15T1%E&G0, RIS KE,AEMHRT

09, n0,(E1 Mg E3) = (09, (E1)) Mg (09, (E2))

oy . Rule 7.a . I
‘ If # only has / \
/ X \ attributes from £, TH E,

12
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Me: SL,. L,o3HCERE,.. E.NEHEFE, &%
RREE
— a WMNSREEFEHORIT ML, U L,PREM:
I, (6, 0,8)= (T, (6))M,(T, (E)

1 2

— b, FHXIERE, g E,
. SLRE HIBERESORERTEL, U L, hiE
- DLRE, HIITEEREFZMOREREL U L,FHEY

]‘_‘[L1UL2 <E1 M0E2> :HLIULZ ( <HL1UL3 (E1) ) N0<HL2UL4 (Ez) )

BREE TS T 01

13
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MW : ESRIFHFIA BRI
- EJUE,=E,UE;
- EfyNE,=E,NE;
(set difference is not commutative)
M10: ESHIHIIZRESSE
- (EfyVUE,)uUU3=E,U(E,UE;)
- (ElnEz)nU3=Eln(E2nE3)
MMLL: EREREN . . EREDTER
- 0p(Ey — E3) = 0g(Ey) — 09 (E3)
» similarly for U and nin place of —
- o0g(E; — E;) = 09(E1) — E;
« similarly for n in place of —, but not for U?
W12 R/ 3TFRYDECE

- I (E; VEy) = (I, (Ey)) U (T1,(EL))

14
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Find the names of all instructors in Music department, along with the titles of
the courses that they teach

1_[name, title(cdept_namez ‘Music’(ins’[rl'mtOr > (teaCheS > 1_Icourse_id, title (COUI‘SG))))
Transformation using rule 7a

1_[name, titIe((Gdept_name: ‘Music’(inStrUCtor)) > (teaCheS > Hcourse_id, title (COUI’SG)))

a. JEEFRH,PRIFMBERMRIIRESERENFRIANZ—HNE, AT
090(51 Mg E;) = (0g,(E1)) ™ E;

15
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Find the names of all instructors in Music department who have taught a course
in 2021, along with the titles of the courses that they taught

1_Iname, title(Gdept_name: "Music”’ayear = 2021(instructor > (teaCheS > 1_Icourse_id, title (COUI’SG))))

Rule 6a:
1_Iname, title(Gdept_name: “Music’ayear = 2021((instructor > teaCheS) > 1_Icourse_id, title (COUI’SG)))
Rule 7a:

1_Iname, titIe((Gdept_name: “Music’ayear = 2021(InStrUCtor > teaCheS)) > 1_[course_id, title (COUFSG))

Rulel & 7a:

1_[name, title((Gdept_name: “Music” (instructor) > csyear: 2021 (teaCheS)) > 1_Icourse_id, title (COUI’SG))

HiNl6a: BEAEEBREST A7 . IEEREE TEMN R T ERRE D EE
- (Ex ™M Ep) ) E3 = E; ™ (E; ¥ E3) - a. HEFEEMH,FHFEBIERT RS SERNRIAZ—(JE, /T :

090(51 Mg E;) = (0g,(E1)) ™g E
M SREEREEA D EARMNEREENFT
T n0, (E) =0, (0, (E)) 16
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PN

instructor

Hname, title

Odept_name = Music
A year = 2017

X

N

teaches Hcourse_l'd, title

course

(a) Initial expression tree

Hname, title

N H course_id, title

N

Odept_name = Music O year = 2017

instructor teaches course

(b) Tree after multiple transformations

17
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> 83

* Query: Find the names of all the customers who have an account with balance
less than $1000 at the Brooklyn branch

- 1_[CN (O-BC:“Brooklyn”/\ balance<1000(branCh o (account ™ depOSitOT)))

— CN: customer name, BC: branch city
« Task: Give one equivalent expression with better execution performance
* One solution:

HCN((O-BC="Brooklyn" (branch) ™ Gpqiance<1000(account)) = depositor)

I

customer-name
customer-name

X
branch-city=Brooklyn / \
N balance < 1000 .
X depositor
/ \[)d G branch-city=Brooklyn G palance < 1000

account depositor branch account

X—a——Hod

branch

(a) Initial Expression Tree (b) Tree After Multiple Transformations 18
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For three relations ry, r,, and r3,
(r1 M 1y) M3 =11 X (1 X713)

If , ™ 73 IS quite large and r; x r, is small, we choose
(ry X 13) ™73

so that we can compute and store a smaller temporary relation

19
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EEIRE (£8)

Consider the expression
1_[name, title(Gdept_name: ‘Music” (instructor) > teaches) > 1_Icourse_id, title (COUI‘SG))))

Solution A

— compute teaches > Ilgqyse ig, tie (COUrsE) first, and join the result with Ggept name=  Music”
(instructor)

— the result of the first join is likely to be a large relation

Solution B
— COMPULE Gyept name= Music” (INStructor) < teaches first
— only a small fraction of instructors are likely to be from the Music department

20
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W

[

« XEGPHFITER

n,. the number of tuples in relation r

b, the number of blocks of r

s,. the size of a tuple of r

fr: the number of tuples that fit into one block

V(A,r): the number of distinct values that appear in r for attribute A, i.e.,
the size of 14 (r)

If the tuples of r are stored together physically in a file, then: b, = [%}

T

22
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W

[

F;: the average fan-out(F3tH) of internal nodes of index i
— for tree-structured indices such as B*-tree
HT;: the number of levels in index i
— l.e., the height of i
— for a balanced tree index (e.g., B*-tree) on attribute A of relation r, HT; =
[logr,(V(A,1))]
— for a hash index, HT; is 1
LB;: the number of lowest-level index blocks in i
— 1.e., the number of blocks at the leaf level of the index

23
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« Recall that

Disk access is the predominant cost, and is also relatively easy to be
estimated

The number of block transfers from disk is used as a measure of the actual
cost of execution

It is assumed that all block transfers have the same cost

24
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OA=qa (1‘)
- RIRBUEIISSH, WnlfhihsFEEREn, /V (A, N1 IThA
O 4<y(T)

— Let c denote the estimated number of tuples satisfying the condition. If
min(4,r) and max(4,r) are available in database catalog and we assume
that values are uniformly distributed ({E38954%3 )

e C=0,ifv<min(4,1)

v—min(A4,7r)

* C=n. max(A,r)—-min(4,r)

e C=n,,ifv>max(4,r)

— In absence of statistical information, c is assumed to be n,./2

25
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« Selectivity (Hi#%=R) of the condition 6;
— The probability that a tuple in the relation r satisfies 6;
— If s; is the number of tuples satisfying 6;, the selectivity of 8; is given by s;/n,

- SEL O917027--Aon(T)

— Estimated number of tuples:
Sl*SZ *...*Sn

ny

n, *

*  tREX: o91ve2v-von (1)

— Estimated number of tuples:

n, *(1—( _%)*(1_:1_2)*'"* 1—;_”)J

r

« HUR: 0_p(1)

— Estimated number of tuples: n, — size(ag (7))

26
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« Cartesian product

r X s contains n,. * ng tuples

« Natural join

fRNS =0, thenr xsisthe sameasr X s

If RN S is akey for R, then a tuple of s will join with at most one tuple from
r, and size(r ¥ s) < ng

If R NS is aforeign key in S referencing R, the number of tuplesinr x s is

exactly the same as the number of tuples in s, i.e., ng
» E.g., for depositor < customer, customer-name in depositor is a foreign key of customer,
and the result has exactly ngeposicor tuples

27
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« Catalog information for join examples:
Neustomer = 10,000, feustomer = 25, beustomer =10,000/25 = 400
- ndepositor - 5,000, fdepositor - 50, bdepositor - 5,000/50 =100

— V(customer-name, depositor) = 2,500, which implies that, on average, each
customer has two accounts

) P %+ 5
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« E.g., depositor x customer

- ndepositor = 5000

28
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« IfRNS={A}isnotakeyforRorS

— If we assume that every tuple t in R produces tuples in R = S, the number of tuples
In R = S is estimated to be:

@) P %+ 5
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nS
k
V(A4,s)

— If the reverse is true, the estimate obtained will be:
nT‘

*
V(A1)
— The lower of these two estimates is probably the more accurate one

Ny

Ng

29
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Estimate the size of depositor < customer without using the information about

foreign keys:

— V(customer-name, depositor) = 2500, and
V(customer-name, customer) = 10000

— The two estimates are
5000 * 10000/2500 = 20,000 and
5000 * 10000/10000 = 5000

Choose the lower estimate, which is the same as the earlier estimation using
foreign keys

30
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— Estimated size of [14(r) = V(4,1)

- BRE
— Estimated size of ,gr(r) =V(A4,1)
. EESISE

Y =FE S
— For unions/intersections of selections on the same relation: rewrite and use size
estimate for selections
* E.g., 091(r) U oy, (r) can be rewritten as ag4yg2(1)

— For operations on different relations:
« estimated size of r Us =size of r + size of s
« estimated size of r N s = min{size of r, size of s}
« estimated size of r — s = size of r
» All the three estimates may be quite inaccurate, but provide upper bounds for the sizes

31
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QOuter join
— Estimated size of r IXs = size of r @ s + size of r
» Case of right outer join is symmetric
— Estimated size of r IXCTs = size of r @ s + size of r + size of s

32
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P Estimation of Distinct Values

« Selections: ag(1)
— If 6 forces A to take a specified value:
« fA=3,V(4,09(r)=1
— If 6 forces A to take one of a specified set of values
e V(A4,04(r)) =the number of specified values
- e0.,(A=1VA=3VA=4)
— If the selection condition 4 is of the form A op v
- Estimated V(4,0¢(r)) = V(4,7) = s, where s is the selectivity of the selection
— Inall the other cases: use approximate estimate of min(V(4,7), ns,))
* More accurate estimate can be obtained using probability theory

33
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Joins: rx s
— If all attributes in A are from r
« Estimated size of V(4,7 @ s) = min(V(A4, 1), Nyws)
— If A contains attributes A; from r and A, from s, then
e V(A,rxs)=min(V(A,,r)*V(A, — Ay, s), V(A — Ay, 1) * V(A5 5), Nys)
* More accurate estimate can be obtained using probability theory
Projection

— Estimation of distinct values are straightforward for projections
— They are the same in Il (r) asinr

Aggregation

— For min(A4) and max(A), the number of distinct values can be estimated as min(V(4,r),V(G,r))
where G denotes grouping attributes

— For other aggregates, assume that all values are distinct, and use V (G, r)

34
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Equivalent expression generation

— Query optimizers use equivalence rules to systematically generate
expressions equivalent to the given expression

— Generate all equivalent expressions by repeatedly executing the following
step until no more expressions can be found

« Given an expression E, if any sub-expression E; of E matches one side of an
equivalence rule, the optimizer generates a new expression where E; is
transformed to match the other side of the rule

Issues

— The above approach is very expensive in space and time

» Space requirements can be reduced by sharing common sub-expressions for
equivalent expressions

« Time requirements can be reduced by not generating all expressions

36
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An execution plan defines exactly what algorithm is used for each
operation, and how the execution of the operations is coordinated

I1 .. .sr0mer-name (sort to remove duplicates)

P (hash-join)

/

X (merge-join) depositor
Pipeline/ weline
G branch-city=Brooklyn O palance < 1000

(use index 1) (use linear scan)

branch account

37
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Two general approaches
— Search all the plans and choose the best plan in a cost-based fashion
— Uses heuiristics to choose a plan

Interaction of evaluation operations
— Choosing the cheapest algorithm for each operation independently may not
yield the best overall algorithm

* merge-join may be costlier than hash-join, but may provide a sorted output
which reduces the cost for an outer level aggregation

* nested-loop join may provide opportunity for pipelining

38
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To find the best join-order forry M ry, X - X 1,

— There are (Z(n - 1))!/(n — 1)! different join orders for above expression (cf. Exercise 16.12)

— E.g., with n = 3, the numberis 12
T X (1, X13), 1 X (13X Ty), (pX713) X1, (X)) Xn
Ty X (ry M13), 7, X (13X 1), (n X1r3) X1y, (3Xr) X1,
T3 X (1 X 71p), 73 X (X 1), (MX1p) X1y, (pXr) X

—  Withn = 7, the number is 665,280
— With n = 10, the number is greater than 17.6 billion

No need to generate all the join orders

— Using dynamic programming. The least-cost join order for any subset of {ry,r,,
only once and stored for future use

...,y } IS computed

39
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To find the best join tree for a set S of n relations

— Consider all possible plans of the form: §; x (§ — S;) where S; is any non-
empty subset of S

— When the plan for any subset is computed, store it and reuse it when it is
required again, instead of re-computing it

— Recursively compute costs for joining subsets of S to find the cost of each
plan. Choose the cheapest.

40
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procedure findbestplan(S)
if (bestplan[S].cost = «)
return bestplan[S]
if (S contains only 1 relation)

set bestplan[S].plan and bestplan[S].cost based on best way of accessing S

Dynamic-programming algorithm

else for each non-empty subset S1 of S such that S1 = S

P1=findbestplan(S1)
P2= findbestplan(S - S1)

A = best algorithm for joining results of P1 and P2
cost = P1.cost + P2.cost + cost of A

if cost < bestplan[S].cost
bestplan[S].cost = cost

bestplan[S].plan = “execute P1.plan;

execute P2.plan;

join results of P1 and P2 using A”

return bestplan[S]

41
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* In left-deep join trees, the right-hand-side input for each join is a
relation, not the result of an intermediate join
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> >4
> r5 ><] >
VRN SN0 7N
><] r4 ><] r3 rd rs
RN RN
< r3 rl r2
VRN
rl r2
(a) Left-deep Join Tree (b) Non-left-deep Join Tree

42



» Cost of Optimization
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« Complexity of dynamic programming

The time complexity is 0(3™). With n = 10, this number is 59000 instead of 17.6 billion
Space complexity is 0(2™)

« Complexity for finding the best left-deep join tree

Consider n alternatives with one relation as right-hand side input and the other relations as left-
hand side input.

Using (recursively computed and stored) least-cost join order for each alternative on left-hand-
side, choose the cheapest of the n alternatives.

If only left-deep trees are considered, time complexity of finding best join order is 0(n2")
Space complexity remains at 0(2™)

« Cost-based optimization is expensive, but worthwhile for queries on large
datasets (typical queries have small n, generally < 10)

43
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> BEILMM (Heuristic Optimization)

« Cost-based optimization is expensive, even with dynamic programming

« DBMS may use heuristics to reduce the number of choices that must be made
In a cost-based fashion

« Heuristic optimization transforms the query-tree by using a set of rules that
typically (but not in all cases) improve execution performance:
— Perform selection early (reduce the number of tuples)
— Perform projection early (reduce the number of attributes)
— Perform most restrictive selection and join operations before other similar operations
— Some systems use only heuristics, others combine heuristics with partial cost-based optimization

44
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Deconstruct conjunctive selections into a sequence of single selection
operations (Equiv. rule 1.)

Move selection operations down the query tree for the earliest possible
execution (Equiv. rules 2, 7a, 7b, 11)

Execute first those selection and join operations that will produce the
smallest relations (Equiv. rule 6)

Replace Cartesian product operations that are followed by a selection condition
by join operations (Equiv. rule 4a)

Deconstruct and move as far down the tree as possible the lists of projection
attributes, creating new projections where needed (Equiv. rules 3, 8a, 8b, 12)

|dentify those subtrees whose operations can be pipelined, and execute them
using pipelining

45
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16.5 (FB7hHR)
— Canvas_ B3z, B/\PDF3{&

16.5 Consider the relations (4, B, C), r,(C, D, E), and r;(E, F), with primary keys
A, C, and E, respectively. Assume that r; has 1000 tuples, r, has 1500 tuples,
and r; has 750 tuples. Estimate the size of r; I 7, X r;, and give an efficient
strategy for computing the join.
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