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About Me

» Software Engineer at Databricks (Spark Core/SQL)
« PhD in Databases (AMPLab, UC Berkeley)

» Research on BlinkDB (Approximate Queries in Spark)
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Background: What is an RDD?

» Dependencies
» Partitions

» Compute function: Partition => Iterator[T]
| I

Opaque Data
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RDD Programming Model

Construct execution DAG using low level RDD operators.

pdata.map(lambda x: (x.dept, [x.age, 1])) \
.reduceByKey(lambda x, y: [x[@] + y[0], x[1] + y[1]]) \
.map(lambda x: [x[@0], x[11[0] / x[1]1[1]]) \
.collect()
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RDD Programming Model

Construct execution DAG using low level RDD operators.

pdata.map(lambda x: (x.dept, [x.age, 1])) \
.reduceByKey(lambda x, y: [x[@] + y[0], x[1] + y[1]]) \
.map(lambda x: [x[@0], x[11[0] / x[1]1[1]]) \
.collect()

SELECT dept, AVG(age) FROM pdata GROUP BY dept
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RDD Programming Model

Construct execution DAG using low level RDD operators.

pdata.map(lambda x: (x.dept, [x.age, 1])) \
.reduceByKey(lambda x, y: [x[@] + y[0], x[1] + y[1]]) \
.map(lambda x: [x[@0], x[1]1[@] / x[1]1[11]) \
.collect()

pData.groupBy("dept").aggCavg("age"))
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SQL/Structured Programming Model

« High-level APIs (SQL, DataFrame/Dataset): Programs
describe what data operations are needed without
specifying how to execute these operations

« More efficient: An optimizer can automatically find out
the most efficient plan to execute a query

@databricks



Spark SQL Overview
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How Catalyst Works: An Overview
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Trees: Abstractions of Users Programs

SELECT sum(v)
FROM (
SELECT
tl1.1id,
1+ 2 + tl.value AS v
FROM t1 JOIN t2
WHERE
tl.id = t2.id AND
t2.id > 50 * 1088) tmp

@databricks



Trees: Abstractions of Users Programs

Expression
» An expression represents a
SELECT sum(v) new value, computed based
FROM ( on input values
SELECT
t1.id, «epg.1 + 2 + tl.value

1+ 2+ tl.value AS v
FROM t1 JOIN t2
WHERE
t1.id = t2.id AND
t2.id > 5@ * 1008) tmp
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Trees: Abstractions of Users Programs

Quer}f P]_an PR g /ggcregate sum(v)

tl.id,
?:;:{:I sum(v) -—-—---'—-________--P Project ;'gzztlvval”e
SELECT ==="""
t1.id, Filter tl'id'tz;id
a5 f UEEEE-AE i "’ t2.id>5e*1088
FROM t1 JOIN t2 "":ﬂ*':-_-,

T D e ——————————

tl.id = t2.id AND
t2.id > 50 * 1008) tmp
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Logical Plan

Aggregate LIRS
* A Logical Plan describes computation
on datasets without defining how to
conductthe computation

t1.id,
Project 1+2+tl.value
a5 v

= t1.id=t2.id
JUCEN > id>5e+1000

Join

@databricks 15



Physical Plan

Hash-

Ao cunte sum(wv)

« A Physical Plan describes computation
on datasets with specific definitions on
how to conduct the computation

t1.id,
Project 1+2+t1.value
a5 v

tl.id=t2.id
t2.id>5e*leee

sort-Merge
Join

Parquet Scan
(t1)
@ databricks 16



How Catalyst Works: An Overview

Catalyst

Transformations

DataFrame

Abstractions of users’ programs
(Trees)

{Java/Scala)
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Transform

» A function associated with every tree used to
implement asingle rule

1+2+tl.value

Evaluate 1 +2
for every row

Evaluate l+2once  3+tl.wvalue

Attribute I

(tl.value)

Attribute
(tl.value)

Literal(3)

Literal{1}
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Transform

» Atransform is defined as a Partial Function

» Partial Function: A function that is defined for a subset
of its possible arguments

val expression: Expression =
expression,transform {

case Add(Literal(x, IntegerType), Literal(y, IntegerType)) =>
Literal(x + y) ‘
} i

]
]

Case statement determineifthe partial function is defined fora given input
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Transform

val expression: Expression= ...
expression.transform {
case Add(Literal(x, IntegerType), Literal(y, IntegerType)) =>
Literal(x + y)

1+2+tl.value

Attribute

(tl.value)

Literal{l] Literal|2)
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Transform

val expression: Expression= ...
expression.transform {
case Add(Literal(x, IntegerType), Literal(y, IntegerType)) =>
Literal(x + y)

1+2+tl.value

Attribute
[tl.value)

Literal{l] Literal|2)
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Transform

val expression: Expression= ...
expression.transform {
case Add(Literal(x, IntegerType), Literal(y, IntegerType)) =>
Literal(x + y)

1+2+tl.value

Attribute
[tl.value)

Literal{1) Literal{2)
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Transform

val expression: Expression= ...
expression.transform {
case Add(Literal(x, IntegerType), Literal(y, IntegerType)) =3
Literal(x + y)

1+2+tl.value

3+ tl.value

—

Attribute
(tl.value)
Attribute
(tl.value)

Literal{3)

Literal{1) Literal{2)
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Combining Multiple Rules

Predicate Pushdown
Aggregate EITLLIGY] Aggregate ETLIGD)

t1.1d, ti.id,

Project 1+2+tl,.value Project 1+2+tl.value
as v das v
tl.id=t2.id

ilte t1.id=t2.
LU 2. id>50+1000 L dd=todd

t2.id>58*1ee8

Scan
(t2)



Combining Multiple Rules

Constant Folding
Aggregate ETLIR™S) EEE I sum(v)
t1.id, tl.id,
Project 1+2+t1l.value Project 3+tl.value as
as v v
Join tl.id=t2.id Join t1.id=t2.id

t2.id>58*1eee t2.id>5e8e8

Filter



Combining Multiple Rules

Column Pruning

e sum( v)

tl.id,
LI sum( v ) Project 3+tl.value as

v

tl.id,
ST 3+t1.value as t1.id=t2.id
v
t2.id>50000
tl.id=t2.id

t2.id>5eee8

Project Project eIl



After transformations

Combining Multiple Rules

Before transformations

sum(v)

tl.id,
Aggregate EIVILIQ Project 3+tl.value as

v

t1.id,
F’I‘Dj[’ect 1+2+tl.value +1.id=t2.id
as v
t2.id>»5ees88
7 t1.id=t2.id
AU 40 id>50+ 1000 Filter

t1.id Project Project RSl
t1.value

Scan
(t2)



Spark SQL Overview
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Aggregate

select count(*) from store_sales Project
where ss_item_sk = 1068 '
|

Filter



[F. TEEE TRANRZACTHNNS ON KNOWLEDODE AND DATA EMINEERING, VL & NO 1, FEBRUARY 1w

Volcano—An Extensible and Parallel Query
Evaluation System

Goetr Graele

Absirmet=To Investhgaie ithe Imieraciions of extemsibility and
parallelism in datahese query procesing, we have develaped a
mew dataflow guery execwiion system called Volcanc, The Vol-
cana effort pravides a rich enviromment for rescarch and cdu-
catiom in database syslems design, beuristics for query optl-
miration, parallel guery exccutbon, snd resosrie allecation,

Voleano uses o stundard imerface between algehra apera-

Ui
cales, are impsried bnfe ibe guery spermlors g
imppart fumctions. The semantics of support functions is met
prescribed; data iype inclading complex objects and any
npnuh--nuﬁ Hh-rm Vobeano is extemeible with mew
operaiors, akgorithms, deis 1y pes, amd 1y pe-specific methods,

Valenns includes iwm snsel sossasrmfors Tha ~hosrs. sles

tem as it lacks features such as a user-fmendly query lan-
Euage, @ lype system for instances (record definitions), o
query optimizer, and catalogs. Becuuse of this focus, Viol-
cano is able to serve as an cxperimental vehicle for a mal-
titude of pumposes, all of them open-ended, which resalis
in a combination of requitements that have nod been in-
tegrated in a single system before. First, it is modular and
extensible (o enable future research, e.g.. on algonithms,
data moddels, resource allocation, parnliel execution, load
balancing, am query optimization hearistics. Thus, Vol-
cano provides an infrastruciure for experimental rescarch
ratheer tham a final research prottype in iself. Second, it

G. Graefe, Volcano— An Extensible and Parallel Query Evaluation System,

In IEEE Transactions on Knowledge and Data Engineering 1994

@ databricks



Volcano Iterator Model

. class Filt
« Standard for 30 years: | T e oatons
ElmOSt Ell databE‘lSES dD it predicate: (Row =» Boolean))

extends Operator {
def next(): Row = {
var current = child.next()

" while {current == null ||predicate(current)) {
« Each operatoris an current = child.next()

“iterator” that consumes P e

records from its input )t

operator

@databricks



Downside of the Volcano Model

1. Too many virtual function calls
o atleast 3 calls for each row in Aggregate

2. Extensive memory access
o ‘row’is a small segment in memory (orin L1/L2/L3 cache)

3. Can't take advantage of modern CPU features

o SIMD, pipelining, prefetching, branch prediction, ILP, instruction
cache, _

@databriclks



Whole-stage Codegen: Spark as a "Compiler

long count = @;
for (ss_item_sk in store_sales) {
if (ss_item sk == 1000) {
el count += 1;
}

@databricks



Whole-stage Codegen

« Fusing operators together so the generated code looks like
hand optimized code:

- Identify chains of operators ("stages”)
- Compile each stage into a single function

- Functionality of a general purpose execution engine:
performance as if hand built system just to run your query

@ databricks



Efficiently Compiling Efficient Query Plans
for Modern Hardware

Thomas Neumann
Technische Universitat Monchen
Munich, Germany

neumann@in.tum.de

o)

ABSTRACT e If
As main memory grows, query performance is more and more e mﬂ
determined by the raw CPU costs of query processing itsclf, —— e
The elassieal Itoratar style query procossing techinbgue B very \E 1 — UeneDE VL
simple and flexible, but shows poor performance on modern — p——
CPUs due to Inck of locality and frequent instruction mis- : W — e —
predictions. Several techniques like batch oriented processing e, \\ " il |
ar vectorized tuple proeessing have been proposed in the - - i s ]
past to improve this situation, but even these techniques are = U BT ey ey e |

T Neumann, Efficiently compiling efficient query plans for modern hardware. In VLDE 2011
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Operator Benchmarks: Cost/Row (ns)

primitive Spark 1.6 Spark 2.0

filter 15ns 1.1ns

sum wio group 14 ns 0.9ns 5'30!
sumw/ group 79 ns 10.7Tns SPEEd ups
hash join 115ns 4.0 ns

sart (8-hit entropy) 620 ns 53ns

sort (64-bit entropy) 620 ns 40 ns

sort-merge join T50ns 700 ns

Parguet decoding (single int column) 120 ns 13ns
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Operator Benchmarks: Cost/Row (ns)
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primitive Spark 1.6 Spark 2.0

filter 15ns L.1ns

sum w/o group 14 ns 0.9ns

sum wy group Tans 10.7T ns

hash join 115ns 4.0 ns :
Radix Sort

sort (8-bit entropy) 620 ns 53ns

sort (64-bit entropy) 620 ns 40 ns ;39233:5

sort-merge join 750 ns 700 nis

Pargquet decoding (single int column) 120 ns 13ns



Operator Benchmarks: Cost/Row (ns)
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primitive Spark 1.6 Spark 2.0

filter 15ns L1ns

sum w/o group 14 ns 0.9ns

sum wy group T9ns 10.7T ns

hash join 115ns 4.0ns

sart (8-hit entropy) 620 ns 53ns

sort (64-bit entropy) 620 ns 40ns Shuffhng
sort-merge join 750 ns 7o0ns | still the
Parquet decoding (single int column) 120ns 13ns bottleneck



Operator Benchmarks: Cost/Row (ns)

@ databricks

primitive Spark 1.6 Spark 2.0

filter 15ns 1.1ns

sum w/o group 14 ns 0.9ns

sum wy group T9ns 10.7 ns

hash join 115ns 4.0ns

sart (8-bit entropy) 620 ns 53ns

sort (64-bit entropy) 620 ns 40 ns

sort-merge join T50ns 700 ns 10x
Parguet decoding (single int column) 120 ns

13 Speedup




TPC-DS (Scale Factor 1500, 100 cores)

Lower is Better
-
£

- Spark 1.6

B seerk 20
U
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Spark 2.2 and beyond

1. SPARK-16026: Cost Based Optimizer
- Leverage table/columnn level statistics to optimize joins and aggregates
- Statistics Collection Framework (Spark 2.1)
- Cost Based Optimizer (Spark 2.2)
2. Boosting Spark’s Perforrmance on Many-Core Machines
- In-memory/ single node shuffle
3. Improving quality of generated code and better integration
with the in-memory column format in Spark
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