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ADMINISTRIVIA

Project #2 is due Sunday Mar 15% @ 11:59pm
— See Recitation Video (@178)
— Office Hours: Saturday Mar 14® @ 3:00-5:00pm in GHC 5207

Mid-term exam grades posted
— Come to Andy's OH to view your grade and solution.

Project #3 is due Sunday Apr 5 @ 11:59pm


https://db.cs.cmu.edu/
https://15445.courses.cs.cmu.edu/spring2026
https://piazza.com/class/mjxpbw9kyzv4mo/post/178

UPCOMING DATABASE TALKS

turbopuffer (DB Seminar)

— Monday March 9" @ 12:00pm ET
— Zoom

SQL Server (DB Meeting)
— Tuesday March 10" @ 12:00pm ET
— GHC9115

YugabyteDB (DB Seminar)

— Monday March 16™ @ 12:00pm ET
— Zoom

» turbopuffer

Microsoft®

ZSQL Server

‘7 yugabyteDB


https://db.cs.cmu.edu/
https://15445.courses.cs.cmu.edu/spring2026
https://db.cs.cmu.edu/events/pg-vs-world-turbopuffer-simon-eskildsen/
https://db.cs.cmu.edu/events/bringing-theory-to-industry-early-career-lessons-in-query-optimization/
https://db.cs.cmu.edu/events/pg-vs-world-yugabytedb-hari-krishna-sunder/

LAST CLASS

We discussed different join operator algorithms.

We now know how to implement basic query operators
— Sorting, Aggregations, Joins

The next two weeks are about how put all the pieces
together to execute queries...
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QUERY EXECUTION

A query plan is a DAG of operators.

A pipeline is a sequence of operators
where tuples continuously flow
between them without intermediate
storage.

A pipeline breaker is an operator
that cannot finish until all its children

emit all their tuples.
— Joins (Build Side), Subqueries, Order By

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100
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QUERY EXECUTION

A query plan is a DAG of operators.

A pipeline is a sequence of operators
where tuples continuously flow
between them without intermediate
storage.

A pipeline breaker is an operator
that cannot finish until all its children

emit all their tuples.
— Joins (Build Side), Subqueries, Order By

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

...... | I
Pipeh’ne #2 n R.id, S. cdate

Ptpelme #1
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TODAY'S AGENDA

Processing Models
Access Methods
Modification Queries

Expression Evaluation
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PROCESSING MODEL

A DBMS's processing model defines how the system
executes a query plan and moves data from one

operator to the next.
— Different trade-offs for workloads (OLTP vs. OLAP).

Each processing model is comprised of two types of

execution paths:
— Control Flow: How the DBMS invokes an operator.
— Data Flow: How an operator sends its results.

The output of an operator can be either whole tuples
(NSM) or subsets of columns (DSM).
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PROCESSING MODEL

Approach #1: Iterator Model

Approach #2: Materialization Model

Approach #3: Vectorized / Batch Model
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PROCESSING MODEL

Approach #1: Iterator Model « Most Common
Approach #2: Materialization Model « Rare

Approach #3: Vectorized / Batch Model « Common
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ITERATOR MODEL

Each query plan operator implements a Next ()

function.

— On each invocation, the operator returns either a single tuple
or a EOF marker if there are no more tuples.

— The operator implements a loop that calls Next() on its
children to retrieve their tuples and then process them.

Each operator implementation also has Open() and

Close() functions.
— Analogous to constructors/destructors, but for operators.

Also called Volcano or Pipeline Model.



https://db.cs.cmu.edu/
https://15445.courses.cs.cmu.edu/spring2026

Control Flow =

Data Flow = Next ( )

Next()

ITERATOR MODEL

for t in child.Next():
emit(projection(t))

for t, in left.Next():
buildHashTable(t,)

for t, in right.Next():
if probe(t,): emit(t,Xt,)
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SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

Next()

for t in child.Next():
if evalPred(t): emit(t)

Next()

for t in R:

for t in S:
emit(t)

Next()

°
ooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo
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ITERATOR MODEL

Control Flow —p

ta Flow =
Data Flow for t in child.Next():
emit(proj¢ction(t))

for t, in left.Next():
buildHashTable(t,)

for t, in right.Next():
if probe(t,): emit(t,Xt,)

for t in child.Next():
if evalPred(t): emit(t)

for t in R:
emit(t)

for t in S:
emit(t)

10

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

t
n R.id, S.cdate
t
N R.id=S.id
\
Gvalue>1@@
R §
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ITERATOR MODEL

Control Flow =

Data Flow = for t in child.Next():
emit(proje¢ction(t))
left.Next():

for t. i
byfldHashTable(t,)

fgr t, in right.Next():
if probe(t,): emit(t,Xt,)

for t in child.Next():
if evalPred(t): emit(t)

for t in S:
emit(t)

for t in R:
emit(t)

10

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

t
n R.id, S.cdate
t
MR.id=S.id
\
Gvalue>1@@
R §
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ITERATOR MODEL

Control Flow =

Data Fl
ata Hlow = for t in child.Next():
emit(proje¢ction(t))

for t in child.Next():
if evalPred(t): emit(t)

Single Tuplel
for t in R:
emit(t)

for t in S:
emit(t)

10

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

t
n R.id, S.cdate
t
MR.id=S.id
\
Gvalue>1@@
R §
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ITERATOR MODEL

10

Control Flow =

Data Flow —» for t in child.Next(): SELECT R. ld, S.cdate
emit(proje¢ction(t)) FROM R JOIN S

ON R.id = S.id

for t, in left.Next(): WHERE S.value > 100

buildHashTable(t,)
for t, in right.Next():

if probe :emit(t,Pdt,) 1
p (R n R.id, S.cdate

for t in child.Next(): M I
if evalPrdd(t): emit(t) \R'ld Sodle
Gvalue>1@®

for t in R: for t in S: ‘
emit(t) emit(t) R s
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ITERATOR MODEL

10

Control Flow =

Data Flow —» o SELECT Rld, S.cdate

for t in child.Next():
emit(proje¢ctionft)) FROM R JOIN S

ON R.id = S.id

for t, in left.Next(): WHERE S.value > 100

buildHashTable(t,)
for t, in right.Next()w=

for t in child.Next():
if evalPred(t):

for t in R: for t in
emit(t) emit(t

{
n R.id, S.cdate
t
MR.id=S.id
\
Gvalue>1@®
R §
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Control Flow =

ITERATOR MODEL

Data Flow =—> o for t in chid.Next():

| | for t in R: E
emit(t) :

for t, in right.Next()w=

for t in child.Next():

if evalPred(t):femit(T)

for t in
emit(t

O

10

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

A
Gvalue>1@®

X
R ' §

----------------------------

Pipeline #1
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ITERATOR MODEL

10

Control Flow = T m————. :

Data Flow —» | for t in child.Next():
i emit(projctionft))

for t, in left.Next(): _;
. |__buildHashTable(t.) }\:
ifor t, in right.Next()w= 3
i if probe(tH\L: emit(t1bdt2)§

---------------------------------------------------------

E for t in child.Next():
{|if evalPrdd(t):femi

:fortinR:E gfortin
emit(t) ; : emit(t

-----------------------------------------------------

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

...... |

llne #Z n R.id, S. cdate

Ptpelme #1
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ITERATOR MODEL

The Iterator model is used in almost every DBMS.
— Easy to implement / debug.
— Output control works easily with this approach.

Allows for pipelining where the DBMS tries to
process each tuple through as many operators as
possible before retrieving the next tuple.

WIRED
$SIed TUGER  soocheperey #2- chadeDB . jason'snthappgyenESiS db @ ValKey APOLLO
= g Jasonisntr =T °®
@ UMBRA IpiCkleDB f'_lpsn c HEE @ SurrealDB SQLque TTigerBeetle XBASE DATABASE ENGINE = T|nyBaSem

A . RavenDB RS ) %‘«DGOAJ MDB _ .mEMEHEHED =5EDDAT_ABASE
o Aerospike AHVPer @ CedarDB < RocksDB ; LesbianDB 4> CouchDB & SlateDB

o yuabyteDB "SQLite @ MongoDB. ‘mangoDB INGR= ) <¥ cassandra ‘a )
- & y faunq Microsoft* r".:‘ - S S \0
>l server MSYBASE ®PostgesOL ORACLE WMySQL 2. W NUO
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MATERIALIZATION MODEL

Each operator processes its input all at once and then

emits its output all at once.

— The operator "materializes" its output as a single result.

— The DBMS can push down hints (e.g., LIMIT) to avoid
scanning too many tuples.

— Can send either a materialized row or a single column.

The output can be either whole tuples (NSM) or subsets

of columns (DSM).

— Originally developed by MonetDB in the 1990s to process
entire columns at a time instead of single tuples.
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MATERIALIZATION MODEL

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

Control Flow =——» out = []
Data Flow —> for t in child.Output():
out.add(projection(t))
emit(out)
out = []
for t, in left.Output():
buildHashTable(t,)
for t, in right.Output():
if probe(t,): out.add(t,MXt,)
emit(out)
out = []
for t in child.Output():
if evalPred(t): out.add(t)
emit(out)
out = [] out = []
for t in R: for t in S:
out.add(t) out.add(t)
emit(out) emit(out)
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MATERIALIZATION MODEL

Control Flow —p out = []
Data Flow —> for t in child.Output(): 0

out.add(projection(t))

out = []

for t, in left.Output():
buildHashTable(t,)

for t, in right.Output():
if probe(t,): out.add(t,MXt,)

emit(out)
out = []
for t in child.Output():
if evalPred(t): out.add(t)

emit(out)

out = [] out = []

for t in R: for t in S:

out.add(t) out.add(t)

emit(out) emit(out)

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

t
n R.id, S.cdate
t
M R.id=S.id
\
Gvalue>1@@
R §
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MATERIALIZATION MODEL

Control Flow =
Data Flow =—p

out = []
for t in child.Output(): 0
out.add(projection(t))

out = []

for t, in left.Output():
/k buildHashTable(t,

for t, in right.Outgput():

if probe(t,): outfadd(t,MXt,)
emit(out)

=[]
fpr t in child.Output():
if evalPred(t): out.add(t)

| All Tuples | /lemit(out)
out = [] out = []
for t in R: for t in S:
out.add(t) out.add(t)
emit(out) emit(out)

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

t
n R.id, S.cdate
t
MR.id=S.id
\
Gvalue>1@@
R §
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MATERIALIZATION MODEL

Control Flow —p out = [] .
Data Flow —> 0 SELECT R.id, S.cdate

for t in child.Output():
out.add(projection(t)) FROM R JOIN S
ON R.id = S.id

WHERE S.value > 100

out = []

if probe(t,): out.add(t,MXt,)

emit(out)
— MR.id=S.id

out = []
for t in child.Output(): \
Qm(t): out . add( O a1ues100
em1t(oU z
v
out = [] out = [] R s
9 for t in R: for t in S: 6

for t, in left.Output():
buildHashTable(t,) 1
for t, in right.Output(): n R id. S.cdate

out.add(t) out.add(t)
emit(out) emit(out)
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Control Flow =
Data Flow =—p

2,

v

out = []
for t in R:

out.add(t)

emit(out)

MATERIALIZATION MODEL

out = []
for t in child.Output(): 0
out.add(projectfon(t))

out = []

for t, in left.Oufput():
buildHashTable/t,)

for t, in right/Output():

out = []
for t in S:

out.add(§)
emit(out)

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

{
n R.id, S.cdate
t
MR.id=S.id
\
Gvalue>1®®
R §
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Control Flow =
Data Flow =—p

2,

v
out = []

©

emit(out)

for t in R:
out.add(t)

MATERIALIZATION MODEL

out = []
for t in child.Output():
out.add(projectfon(t))

out = []

for t, in left.Oufput():
buildHashTable/t,)

for t, in right/Output():

out = []

.
------------------------------------------------

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

{
n R.id, S.cdate
t
M R.id=S.id
\
Gvalue>1®®

X
R S



https://db.cs.cmu.edu/
https://15445.courses.cs.cmu.edu/spring2026

MATERIALIZATION MODEL

Control Flow —p out = []
Data Flow —> for t in child.Output(): 0

out.add(projectjon(t))

out = []

for t, in left.Oufput():
buildHashTable/t,)

for t, in right/Output():

2,

out = []
for t in S:
if evalPred(t): out.add(t)
| emit(out)
out = [] Operator Fusion
for t in R:
out.add(t)

emit(out)

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

t
n R.id, S.cdate
t
MR.id=S.id
\
Gvalue>1@®
R §
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MATERIALIZATION MODEL

Better for OLTP workloads because queries only access

a small number of tuples at a time.
— Lower execution / coordination overhead.
— Fewer function calls.

mormeae) £ CratepB  [f]-Store VOLTDB RavenDB y@

Pipeline breaker operators conceptually implement the
materialization model even though their APIs only emit

one tuple at a time.
— Example: PostgreSQL's Materialize query plan operator.
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https://www.cybrosys.com/research-and-development/postgres/a-complete-guide-to-enablematerial-in-postgresql-query-planning
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VECTORIZATION MODEL

Like the Iterator Model where each operator
implements a Next () function, but...

Each operator emits a batch of tuples instead of a single

tuple.

— The operator's internal loop processes multiple tuples at a time.

— The size of the batch can vary based on hardware or query
properties.

— Each batch will contain one or more columns each their own
null bitmaps.
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VECTORIZATION MODEL

out = []
for vt in child.Next():

out.add(projection(t))
if |out|>n: emit(out)

=[]

for vt, in left.Next():

for t, in vt,: buildHashTable(t,)
for vt, in right.Next():

for t, in vt,:

Control Flow =—»
Data Flow =
out
out = []
for t in R:
out.add(t)
if |out|>n:

if probe(t,): out.add(t,MXt,)
if |out|>n: emit(out)

out = []
for vt in child.Next():
for t in vt:
if evalPred(t): out.add(t)
if |out|>n: emit(out)

out = []
for t in S:
out.add(t)

emit(out) if |out|>n: emit(out)

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

t
n R.id, S.cdate
t
N R.id=S. id
\
G value>100

X
R S
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VECTORIZATION MODEL

Control Flow == out = []
Data Flow —> for vt in child.Next(): 0
out.add(projection(t))
if |ou emit(out)
out = []

for vt, in left.Next():
for t, in vt,: buildHashTable(t,)
for vt, in right.Next():
for t, in vt,:
if probe(t,): out.add(t,MXt,)
if |out|>n: emit(out)

out = []
for vt in child.Next():
for t in vt:
if evalPred(t): out.add(t)
if |out|>n: emit(out)

out = [] out = []
for t in R: for t in S:
out.add(t) out.add(t)
if |out|>n: emit(out) if |out|>n: emit(out)

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

t
n R.id, S.cdate
t
MR.id=S.id
\
Gvalue>1@®
R §
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VECTORIZATION MODEL

Control Flow =

out = []
Data Flow —> for vt in child.Next(): 0
out.add(projection(t))
i u emit(out)

if |o
out = []

for vt, in right
for t, in vt,:

if probe(t))f

if |out|>n:

0
fl

for vt, in left.Next():
for t, in vt,:fbuildHashTable(t,)

Next():

out.add(t,Mt,)
emit(out)

t =[]

r vt in child.Next():

for t in vt:
if evalPred(t): out.add(t)
if |out|>n: emit(out)

Tuple Batch

out = []
for t in R:
out.add(t)

if |out|>n: emit(out)

out = [1]
for t in S:
out.add(t)
if |out|>n: emit(out)

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

t
n R.id, S.cdate
t
M R.id=S.id
\
Gvalue>1@®

X
R S
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VECTORIZATION MODEL

Control Flow = out = [] .

Data Flow =——» for vt in childNext() 0 SELECT R. 1d, S.Cdate
out.add(projection(t)) FROM R JOIN S
if [ou emit(out) ON R.id = S.id

out = [] WHERE S.value > 100

for vt, in left.Next():

for t, in vt,:fbuildHashTable(t,)
for vt, in rightfNext():

t
_ dd (t,>t,) n R.id, S.cdate
m\ 1
P NR.id=S.id
flor vt in child.Next(): a \
( for t in vt:
——+tf—evalBred(t): out.add(t) Gvalue>1®®
if |out|>ANemit(out)

X
out = [] out = [] s
efor t in R: for t in S: 6 R

Tuple Batch

out.add(t) out.add(t)
if |out|>n: emit(out) if |out|>n: emit(out)
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VECTORIZATION MODEL

Control Flow —p out = [] .
Data Flow —> 0 SELECT R.id, S.cdate

for vt in child.Next():
out.add(projection(t)) FROM R JOIN S
T TouTTmegiytlout) ON R.id = S.id

if Jo
out = [] WHERE S.value > 100

for vt, in left.Next())

for t, in vt,:fbuildHash™gble(t,)
for vt, in right

t
n R.id, S.cdate
t

M R.id=S.id
\
G value>100

X

out = [] out = [] R s
for t in R: for t in S:
out.add(t) out.add(t)

if |out|>n: if |out|>n: emit(out
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VECTORIZATION MODEL

I[deal for OLAP queries because it greatly reduces the
number of invocations per operator.

Allows an out-of-order CPU to efficiently execute

operators over batches of tuples.

— Operators perform work in tight for-loops over arrays, which
compilers know how to optimize / vectorize.

— No data or control dependencies.

— Hot instruction cache.

M " s | /N distributed ’ .
Opteryx — OXIC et v DORIS Mqtrlx ne C\‘ QuestDB
L Google TERADATA " Polars FIREBOLT (@) DuckDB
presto .+ Big Query Yellowbrick €¢ ‘? pinot ¢ singeStore ' VERTION ABRilL -g
ZS0L Server . - " D) druid |

“#vectorwise  [CjAlloyDB !/ ClickHouse ©) s @7 Velox M CockroachDB
Zi@; l " 2 DATABASE . DATA HYRISE ‘
ORACLE" 3#%snowflake - amazon g databricks FUSIHON == g trino
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VECTORIZATION MODEL

I[deal for OLAP queries because it greatly reduces the
number of invocations per operator.

Allows an out-of-order CPU to efficiently execute

operators over batches of tuples.

— Operators perform work in tight for-loops over arrays, which
compilers know how to optimize / vectorize.

— No data or control dependencies.

— Hot instruction cache.

M " s | /N distributed ’ .
Opteryx — OXIC et v DORIS Mqtrlx ne C\‘ QuestDB
L Google TERADATA " Polars FIREBOLT (@) DuckDB
presto .+ Big Query Yellowbrick €¢ ‘? pinot ¢ singeStore ' VERTION ABRilL -g
ZS0L Server . - " D) druid |

“#vectorwise  [CjAlloyDB !/ ClickHouse ©) s @7 Velox M CockroachDB
Zi@; l " 2 DATABASE . DATA HYRISE ‘
ORACLE" 3#%snowflake - amazon g databricks FUSIHON == g trino
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OBSERVATION

In the previous examples, the DBMS starts executing a
query by invoking Next () at the root of the query plan
and pulling data up from leaf operators.

This is the how most DBMSs implement their
execution engine.

18


https://db.cs.cmu.edu/
https://15445.courses.cs.cmu.edu/spring2026

PLAN PROCESSING DIRECTION

Approach #1: Top-to-Bottom (Pull)

— Start with the root and "pull" data up from its children.

— Tuples are always passed between operators using function calls
(unless it's a pipeline breaker).

Approach #2: Bottom-to-Top (Push)

— Start with leaf nodes and "push" data to their parents.

— Can "fuse" operators together within a for-loop to
minimize intermediate result staging.

19
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Control Flow =
Data Flow =—p

PUSH-BASED ITERATOR MODEL

20

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100
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PUSH-BASED ITERATOR MODEL

Control Flow =
Data Flow =—p

for t, in S:
if evalPred(t,):
if probeHashTable(t,):
emit(projection(t,<t,))

Operator Fusion

2,

for t, in R:
buildHashTable(t,)

1

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

...... |

<Pipel1«ne #Z n R.id, S. cdate

-------------------------------------------------------------
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PUSH-BASED ITERATOR MODEL

Control Flow =
Data Flow =—p

Scheduler
e for t, in S:
if evalPred(t,):

if probeHashTable(t,):
emit(projection(t,<t,))

_,o for t, in R:
buildHashTable(t,)

20

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

t
n R.id, S.cdate
t
MR.id=S.id
\
Gvalue>1@@
R §



https://db.cs.cmu.edu/
https://15445.courses.cs.cmu.edu/spring2026

PUSH-BASED ITERATOR MODEL

Control Flow =
Data Flow =—p

Scheduler
e for t, in S:
if evalPred(t,):

if probeHashTable(t,):
emit(projection(t,<t,))

_,o for t, in R:
buildHashTable(t,

Output Buffers

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100

t
n R.id, S.cdate
t
M R.id=S.id
\
Gvalue>1@@
R §



https://db.cs.cmu.edu/
https://15445.courses.cs.cmu.edu/spring2026

PUSH-BASED ITERATOR MODEL

Control Flow =
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Control Flow =
Data Flow =—p

Scheduler
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PUSH-BASED ITERATOR MODEL

Control Flow =
Data Flow =—p

Output Buffers

Scheduler -
9 for t, in S:\-
if evalPred(t,):

if probeHashTable(t,):
emit(projection(t,<t,))

o for t, in R:
buildHashTable(t,)
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t
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t
N R.id=S. id
\
Gvalue>1@@
R §



https://db.cs.cmu.edu/
https://15445.courses.cs.cmu.edu/spring2026

PLAN PROCESSING DIRECTION

Approach #1: Top-to-Bottom (Pull) 4@ Most Common

— Easy to control output via LIMIT.

— Parent operator blocks until its child returns with a tuple.

— Additional overhead because operators' Next() functions are
implemented as virtual functions.

— Branching costs on each Next () invocation.

Approach #2: Bottom-to-Top (Push) « Less Common

— Allows for tighter control of caches/registers in pipelines.
— May not have exact control of intermediate result sizes.
— Difficult to implement some operators (Sort-Merge Join).

AHyper @ UMBRA i"o:gsnowﬂoke 0 DuckDB @ CedarDB
' ClickHouse FIREBCLT Matrixne @ Chroma %Kfé SingleStore N Materialize a RisingWave
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ACCESS METHODS

An access method is the how the

DBMS retrieves data stored in a table.

— There is not a specific operator for this
defined in relational algebra.

Three basic approaches:
— Sequential Scan.

— Index Scan (many variants).
— Multi-Index Scan.

SELECT R.id, S.cdate
FROM R JOIN S
ON R.id = S.id
WHERE S.value > 100
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SEQUENTIAL SCAN

For each page in the table:

— Retrieve it from the buffer pool.

— [terate over each tuple and check whether
to emit it to the next operator.

The DBMS maintains an internal
cursor that tracks the last page / slot it
examined.

for page 1n table.pages:
for t 1n page.tuples:
// Do Something!

23
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SEQUENTIAL SCAN: OPTIMIZATIONS

Data Encoding / Compression
Prefetching / Scan Sharing / Buffer Bypass
Task Parallelization / Multi-threading
Clustering / Sorting
Late Materialization

Materialized Views / Result Caching

Data Skipping
Data Parallelization / Vectorization

Code Specialization / Compilation

24
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DATA SKIPPING

Approach #1: Approximate Queries (Lossy)

— Execute queries on a sampled subset of the entire table to
produce approximate results.
— Examples: BlinkDB, Redshift, ComputeDB, XDB, Oracle,

Snowflake, Google BigQuery, Databricks

Approach #2: Zone Maps (Lossless)

— Pre-compute columnar aggregations per page that allow the
DBMS to check whether queries need to access it.

— Trade-off between page size vs. filter efficacy.

— Examples: Oracle, Vertica, SingleStore, Netezza, Snowflake,
Google BigQuery

25
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https://docs.databricks.com/sql/language-manual/functions/approx_count_distinct.html
https://docs.databricks.com/sql/language-manual/functions/approx_count_distinct.html
https://docs.oracle.com/database/121/DWHSG/zone_maps.htm
http://www.dbms2.com/2006/09/20/netezza-vs-conventional-data-warehousing-rdbms/

ZONE MAPS

Pre-computed aggregates for the attribute values in a
page. DBMS checks the zone map first to decide
whether it wants to access the page.

Original Data Zone Map
val type val
100 MIN 100
200 » MAX 400
300 AVG 280
400 SUM 1400
400 COUNT 5
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ZONE MAPS

Pre-computed aggregates for the attribute values in a
page. DBMS checks the zone map first to decide
whether it wants to access the page.

Original Data Zone Map
val type val
SELECT * FROM table 100 MIN 100
WHERE val > 600 200 » MAX 400
300 AVG 280
400 SUM 1400
% Parquet ;,"ﬁvvortex 400 cont | s

‘OI’C ’al LanceDB
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ZONE M

for th
-computed aggregates

PZZ; DBI;V[S checks the zone m
Svhether it wants to access the

Original Data

val

100
200
300
400
400

SELECT * FROM table
WHERE val > 600

% Parquet Y% vortex

Apache

orc

’sd LanceDB

Small Materialized Aggregates:
A Light Weight Index Structure for Data Warehousing

Guido Moerkotte
maer@pi.’i.infnrmatik.uni-mannheim‘de

Lehrstuhl fiiy praktische Informaik 11, Universiess Ma.nnheim, Germany

Abstract

Small Materialized Aggregates (SMAs for
short) are considered a highly flexiple and ver-
satile alternative for materialized data cubes,
The basic idea is to compute many aggregate
values for small to medium-siged buckets of ty-
ples. These ABBregates are then ysed to speed
up query processing. We present the general
idea and Present an application of SMAs to
the TPC.p benchmark, We show that ey.
ploiting SMAs for TpC.p Query 1 results in
4 speed up of twg orders of magnitude. Then,

see [2, 17)), Among them are traditional index srye.

e
Permission 1o CoPy withou! fer aff or part of this Material i
granted provided (g he copies are not made or ltil:rl'bu!etl,'llr

476

Since most of the queries against data warehouses
incorporate Brouping and aggregation, it Seems to bhe
a good idea to materialize according views. The most
Popular of these Approaches is the Materialized data
cube where for 5 set of dimensions, for all their possj.

processing [10). Apother approach-based on [14]-is 1o
hierarchically organize the aggregates (12). Buy gy
the storage consumption can he very high, even for 5
simple grouping Possibility, if the number of dimpey.
sions and/or their cardinality grows, On the uger Side,
the data cube operator has been Proposed to allow for
easier query formulation [8]. But since we deal with
performance here, we i) throughout the rest of the
Paper use the term dggq ctibe to refer 1o 5 materialized
data cube used to speed up query Pprocessing.

Besides high storage consumption, the biggest dis-
advantage of the data cube s jis inflexibility, Eaely

the knmvledge of the author, data cubes have never
been applied to the standard data warehouse bench-
mark TPC.Ip [19). (et Section 2.4 for Space require-

clent support of complex queries against high volumes
of data as exemplified by the TPC-D benchmark.

The main Pproblem encountered is that some queries
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INDEX SCAN

The DBMS picks an index to find the tuples that the
query needs.

Lecture 415
Which index to use depends on:

— What attributes the index contains

— What attributes the query references

—> The attribute's value domains

— Predicate composition
— Whether the index has unique or non-unique keys

27
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INDEX SCAN

Suppose that we have a single table

with 100 tuples and two indexes:
— Index #1: age
— Index #2: dept

Scenario #1

There are 99 people
under the age of 30 but
only 2 people in the CS
department.

28

SELECT * FROM students
WHERE age < 30

AND dept = 'CS'

AND country = 'US'

Scenario #2

There are 99 people in
the CS department but
only 2 people under the
age of 30.
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MULTI-INDEX SCAN

[f there are multiple indexes available for a query, the
DBMS does not have to pick only one:

— Compute sets of Record IDs using each matching index.

— Combine these sets based on the query’s predicates (union vs.
intersect).

— Retrieve the records and apply any remaining predicates.

Examples:
— DB2 Multi-Index Scan

— PostgreSQL Bitmap Scan
— MySQL Index Merge

29
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https://www.ibm.com/docs/en/dspafz/5.1.0?topic=report-multiple-index-scans
https://www.postgresql.org/message-id/12553.1135634231@sss.pgh.pa.us
https://www.postgresql.org/message-id/12553.1135634231@sss.pgh.pa.us
https://dev.mysql.com/doc/refman/8.0/en/index-merge-optimization.html
https://dev.mysql.com/doc/refman/8.0/en/index-merge-optimization.html
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MULTI-INDEX SCAN

Given the following query on a
database with an index #1 on age and

an index #2 on dept:

— We can retrieve the Record IDs satistying
age<30 using index #1.

— Then retrieve the Record IDs satistying
dept='CS' using index #2.

— Take their intersection.

— Retrieve records and check
country="US".

SELECT * FROM students
WHERE age < 30

AND dept = 'CS'

AND country = 'US'
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MULTI-INDEX SCAN

Compute set intersection of matching
record ids from multiple indexes using

bitmaps or hash tables.

age<30 dept='CS'

record ids record ids

fetch records country="'US'

SELECT * FROM students
WHERE age < 30

AND dept = 'CS'

AND country = 'US'
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MODIFICATION QUERIES

Operators that modify the database (INSERT, UPDATE,
DELETE) are responsible for modifying the target table

and its indexes.
— Constraint checks can either happen immediately inside of
operator or deferred until later in query/transaction.

The output of these operators can either be Record Ids
or tuple data (i.e., RETURNING).
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MODIFICATION QUERIES

UPDATE/DELETE:

— Child operators pass Record IDs for target tuples.
— Must keep track of previously seen tuples.

INSERT:

— Choice #1: Materialize tuples inside of the operator.
— Choice #2: Operator inserts any tuple passed in from child
operators.

33
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UPDATE QUERY PROBLEM

Control Flow =
Data Flow =—p

34

CREATE INDEX idx_salary
ON people (salary);

for t in child.Next():

removeFromIndex(idx_salary, t.salary, t)
updateTuple(t.salary = t.salary + 100) UPDATE people

insertIntoIndex(idx_salary, t.salary, t) SET salary = salary + 100
WHERE salary < 1100

for t in IndeX ., .:
if t.salary < 1100: Index(people.salary)

emit(t)
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34

CREATE INDEX idx_salary
ON people (salary);

for t in child.Next():

removeFromIndex(idx_salary, t.salary, t)
updateTuple(t.salary = t.salary + 100) UPDATE peOple

insertIntoIndex(idx_salary, t.salary, t) SET salary = salary + 100
WHERE salary < 1100

for t in IndeX,.,,ic:
ﬁ’tsakwyg:%eez Index(people'salary>

emit(t)

*

(999, Andy)
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UPDATE QUERY PROBLEM

Control Flow =
Data Flow =—p

34

for t in child.Next(): (999, Andy)
removeFromIndex(idx_salaN,, t.salary, t)
updateTuple(t.salary = t.sNary + 100)

insertIntoIndex(idx_salary, Y.salary, t)

CREATE INDEX idx_salary
ON people (salary);

/

for t in Index,g,pe:
if t.salary < 112¢"
emit(t)

UPDATE people
SET salary = salary + 100
WHERE salary < 1100

Index(people.salary)

*
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UPDATE QUERY PROBLEM

Control Flow =
Data Flow =—p

34

CREATE INDEX idx_salary
ON people (salary);

for t in child.Next(): (1099, Andy)
removeFromIndex(idx_salary, t.salary, t)
updateTuple(t.salary = t.salary + 100) UPDATE people

insertIntoIndex(idx_salary, t.salary, t) = SET salary = salary + 100
\ WHERE salary < 1100

if t.salary < 1100:
emit(t)

for t in Index,.ope: \\\‘~>Index(peop1e.salary)

*
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UPDATE QUERY PROBLEM

Control Flow =
Data Flow =—p

34

CREATE INDEX idx_salary
ON people (salary);

for t in child.Next(): (1199, Andy)
removeFromIndex(idx_salaN, t.salary, t)
updateTuple(t.salary:'.‘%ry + 100) UPDATE people

insertIntoIndex(idx_salary, %.salary, t) SET salary = salary + 100

WHERE salary < 1100

) ot

for t in IndeX,.,,ic:
ﬁ.tsdaQLEij(/ Index(people.salary)
emit(t)

o wme

HEEEEE

*
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HALLOWEEN PROBLEM

Anomaly where an update operation changes the
physical location of a tuple, which causes a scan

operator to visit the tuple multiple times.
— Can occur on clustered tables or index scans.

First discovered by IBM researchers while working on
System R on Halloween day in 1976.

Solution: Track modified record ids per query.
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EXPRESSION EVALUATION

36

The DBMS represents a WHERE clause
as an expression tree.

The nodes in the tree represent
different expression types:

— Comparisons (=, <, >, 1=)

— Conjunction (AND), Disjunction (OR)
— Arithmetic Operators (+, =, *, /, %)

SELECT R.id, S.cdate
FROM R JOIN S

ON R.id = S.id
WHERE S.value > 100;

AND

— Constant Values
— Tuple Attribute References /

S/

\

— Functions Attribute(R. id)

Attribute(S.id)

Attribute(value)

Constant(100)
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EXPRESSION EVALUATION

PREPARE xxx AS
SELECT * FROM S
WHERE S.val = $1 +9

EXECUTE xxx(991)
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EXPRESSION EVALUATION

PREPARE
SELECT
WHERE

EXECUTE

XXX AS )
* FROM S Execution Context
S : Va]‘ — $1 i 9 Current Tuple Query Parameters Table Schema
(123, 1000) (int:991) S»>(int:id, int:val)
xxx(991)

— =

Attribute(S.val)

Parameter($1)

\

Constant(9)
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EXPRESSION EVALUATION

PREPARE xxx AS
SELECT * FROM S

WHERE |S.val = $1 +9
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PREPARE xxx AS )
SELECT * FROM S Execution Context
WHERE S : Va]‘ ~ $1 t 9 Current Tuple Query Parameters Table Schema
(123, 1000) (int:991) S»>(int:id, int:val)
EXECUTE xxx(991)

-

’,—————’/ true \\—s\

Attribute(S.val)

1000 ‘/,__,,/’1090‘\\__\\\

Parameter($1)

991

Constant(9)
9

37


https://db.cs.cmu.edu/
https://15445.courses.cs.cmu.edu/spring2026

EXPRESSION EVALUATION

Evaluating predicates by traversing a

tree is terrible for the CPU.

— The DBMS traverses the tree and for each
node that it visits, it must figure out what
the operator needs to do.

A better approach is to evaluate the
expression directly.

An even better approach is to
vectorize it evaluate a batch of tuples
at the same time...

SELECT * WHERE s.val =

S

Attribute(s.val)

Constant(1)

$

}

bool check(val) {
return (val == 1);

gec, Clang, LLVM, .

Q Machine Code
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EXPRESSION EVALUATION: OPTIMIZATIONS

WHERE UPPER(col1) = UPPER('wutang');

Constant Folding: _
— Identify redundant / unnecessary et ey
operations that are wasteful. LT UPPER() :
— Compute a sub-expression on a constant e y :
Attribute(coll) : | Constant('wutang') | :

value once and reuse result per tuple. '
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CONCLUSION

The same query plan can be executed in multiple
different ways.

OLTP DBMSs want to use index scans as much as
possible.

Expression trees are flexible but slow.
JIT compilation can (sometimes) speed them up.
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NEXT CLASS

Parallel Query Execution
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