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On the tlip side #o—¥%T

Spark 0 has been optimized Spark DIOIEFxEL S T=
« ReducelO by prunin7g inputdata thatis notneeded

« New shuffle a ndﬁ%ﬁ&iﬁ%ﬁ%ﬁ%ﬁ gﬁ%ﬁs& 58: lé 3P r%”éﬂoz rd)

LWy ILERYRT—IDERE (2014F Y — L)
Data formats have improved T—A7+—TvEhBEINT-

« E.g. Parquetisa “dense” columnarformat
Parquet (&I % 155HS LFTH— Yk
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Goals of Project Tungsten  Project Tungsten dF—JL

Substantially improve the memory and CPU efficiency of Spark
backend execution and push performance closerto the limits of
modern hardware.

Spark DI\ HITURDETIOAE)ECPUNIEREEEMIZHET
BHIEl, MREFEA VIEN—F I T7DRFRITEDTEIE

Note the focus on “execution” not “optimizer”: very easy to pick broadcast join that is 1000X faster than
Cartesian join, buthard to optimize broadcast join to be an orderof magnitude faster.

[&iE b | CIFEKTETITSEFEB LTS ZEIZEER - broadcast join &
Cartesian joindk Y 1000 FR<THDILETHEEI=AHY, broadcast join
/7 FEWVCRGS I OmBEIETHDIFEELL
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Phase 1 Phase 2
Foundation Order-of-magnitude Faster
IiIbEMNY rHELDEEL
Memory Management  AE! & Whole-stage Codegen fff;m/z
Code Generation O—F4&ERK Vectorization ‘
NIV

Cache-aware Algorithms (N —F2I7)Fvv
TAEBELIZTIV
EDPIA
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Optimized data representations
b Enf-7T—42KK

Java objects have two downsides: Java Tz IMIF2 DDA F REHH

« Space overheads - EREDF—/ 3 —~YR

. u ‘\&_:“: < A _/ (_/\\\ N
« Garbage collection overheads AN—2AL 72 OF ok

Tungsten sidesteps these problems by performing its own manual
memory management.

Tungsten [FCh o DEEZE . B D AR EEEFITI2ETHRET S
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The overheads of Java objects Java #7227+ D

F—I v —AwR
(Ca de”

Native: 4 byteswith UTF-8 encoding *MT47 UTF-8Ta—T v

| S Th4INAk
Java: 48 bytes Java: 48731k

java.lang.String object internals:

OFFSET SIZE TYPE DESC_RIPTION VALUE
0 4 (ObJ.eCt header) T >— 12 byte object header
4 4 (obqect header) oA AT TR AYE
8 4 (object header) e '
12 4 char[] String.value [] ]}— 20 bytes of overhead +8 bytes for chars
16 4 int String.hash 0 = 82b0/qu\ THA—/\‘VFJr 8NA+DXF
20 4  int String.hash32 o _ y— 8Dytehashcode

Instance size: 24 bytes (reported by Instrumentation API) 8k vy 23—k

AVRBVAY A X 24731+ (Instrumentation APl [2& %)
&databricks



SUN.MISC.UNSALE  wopnrzymsmbyizmmmizicysinnrss e
&8 API (977545 “unsafe”)
on- & off-heap A DM A TT—RAEEZE LR T BHEEIZC
DAPIZFALTLS
JVMinternal API for directly manipulating memory without

safety checks (hence “unsafe”)
We use this APl to build data structures in both on- and off-
heap memory

Flat data Hata : Complex
structures with
structures : examples
pointers
Iy M T — s A SERaL T
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Code generation _
KEO VY ORARGEHEIL JVM

. LTI AL Fraluatig ata e
Generic evaluation ofexpression logic (query time in seconds)
. i “‘a+a+a” MFHM
s very expensive on the JVM (BN o BT (ED)

- Vi | AEBHEUIET N
Virtual function calls ﬁ,&tﬁsjgﬁzﬁutﬁgpreted orojection _
- Branches based on expression type 18T 518
- Object creation due to primitive
boxing ﬂﬁﬁ(:&?(ji‘/? Code gen -
) =T DRI T | ZkEE —R4AER
- Memory %ésgﬁgp%@%oxgé =ETS TR
primitive objects ") SRR Lt
. PN S k- 2 AW = :
Generating custom bisadAienarer o e

eliminate these overheads

HAZLINA =R DERIZEY TN

, BDA—IN—~NYRZTHFRTES
gdatabricks



Code generation

Tungsten uses the Janino compilerto reduce code generation time
Tungsten [Fa—FDEREFREIZEIL I =62 Janino AV N\1S5ZFIAT S

Spark 1.5 added ~100 UDF’swith code gen:

Spark 1.5 [& code gen T ~100
@ UDF ZEfL7=:

AddMonths
ArrayContains
Ascii

Base64

Bin
CheckOverflow
CombineSets
Contains
CountSet
Crc32

DateAdd

gdatabricks

DateDiff
DateFormatClass
DateSub
DayOfMonth
DayOfYear
Decode

Encode

EndsWith
Explode
Factorial
FindInSet
FormatNumber
FromUTCTimestamp

FromUnixTime
GetArrayItem
GetJsonObject
GetMapValue
Hex

InSet
InitCap
IsNaN
IsNotNull
IsNull
LastDay
Length
Levenshtein

Like

Lower
MakeDecimal
Md5

Month
MonthsBetween
NaNv1

NextDay

Not
PromotePrecision
Quarter

RLike

Round

Second

Shal

Sha2
ShiftLeft
ShiftRight
ShiftRightUnsig
ned

SortArray
SoundEx
StartsWith
StringInstr
StringRepeat
StringReverse
StringSpace

StringSplit
StringTrim
StringTrimLeft
StringTrimRight
TimeAdd
TimeSub

ToDate
ToUTCTimestamp
TruncDate
UnBase64

Unhex
UnixTimestamp



AlphaSort Cache-friendly Sorting
AlphaSort vy a7 R—713Y)—k

|[dea: minimize random memory accesses
FATT : SO LATYTIERADRNME

Naive layout _> record

B#LAT Ok

Cache friendlylayout key prefix m—>
Xy aTLUR
)—HLAT7 Ik

« Store prefixes of sort keys inside the sort pointerarray
) —h DAL HBFI DI —hE—
- | DT T4 REH&H
» Swap only pointers and prefixes CFICTL T4V D RE LB THIEITES
R FHE (S a—r—Fvh)
®databricks cIRAVRETL ITA9DADHD AT YT

» Short-circuit by comparing prefixes first






select count(*) from store sales
where ss _item sk = 1000

gdatabricks
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Volcano Iterator Model

class Filter {

Standard for 30 years: almost

all databases do it def next(): Boolean = {
S0ERAE#E var found = false
&&;&m) I while (!found && child.next()) {
7? .. 1> ; found = predicate(child.fetch())
Each operatoms an “Iterator }

that consumes recordsfrom return found

}
Its iInput operator

BARL—BRIANARL—EFNE5D def fetch(): InternalRow = {

La—RERBTH(TL—4) } child.fetch()

gdatabricks
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data flow
F—H70—

Aggregate

T

Project

T

Filter

T

Scan

call stack to process a row
—TZEREIH=HDI—ILAZYY

Aggregate

l

Project

l

Filter

l

Scan



Downside of the Volcano Model
RILS—/ETILDOR S

1. Toomany virtual function calls

o atleast3callsforeachrowinAggregate
REEBFRELNETED
Aggregate TG EH3EMDIEEUHL
2. Extensive memory access
o “row”isasmall segmentin memory (orin L1/L2/L3 cache)
ARYT IR ADLE
[T HEAEY(FE=IZL1/L2L3F vy 1) DINSTEET A
3. Can’ttake advantage modern CPU features
o SIMD, pipelining, prefetching ...
EY UIFCPUDRED BEMZ (TS5
@databricks SIMD, \A T4,  TYITTyF., -~



What if we hire a college freshman to
implement this queryin Java in 10 mins?
HLI0Z T Java TED VTN ERETH=DIC. KFIFEZES=L 7

select count(*) from store_sales
where ss_item sk = 1000

var count = @
for (ss_item sk in store sales) {
if (ss_item sk == 1000) {
count += 1
}
}

gdatabricks



Volcano model

30+ years of database research Vo

RIS —/ETIL
0FELLEDT—EFR—XDHZE

gdatabricks

college freshman
hand-written code in 10 mins

RFEIFAE
107 EDFEENI—F



Volcano - 13.95 million
rows/sec

RVir— )

e I e
freshman rows/sec
RKE1ESE

Vv

High throughput
EAIL—Tyk

@databricks Note: End-to-end, single thread, single column, and data originated in Parquet on disk



How does a student beat 30 years of research?

EOLTEEMNIOEDHEICE =DM ?

Volcano

1.  Many virtual function calls
REDRBEHFUHL

2. Datain memory (orcache)

T—3%AEIZ(BLLEF vy al)
3. Noloopunrolling,SIMD, pipelining

JL—TERA. SIMD. /N\ATS5A2 HELN

gdatabricks

hand-written code

1.

3.

No virtual function calls
R A8 B BPF UM LAY
Data in CPU registers

T—%42% CPU DL RA(Z
Compiler loop unrolling, SIMD,
pipelining

OV INAFSIZ&BIL—TER. SIMD,
INATSAY



Whole-stage Codegen
£2F— a—FER

Fusing operatorstogether so the generated code looks like hand
optimized code:
BHOARL—2F—FETRIMES THILT RSN O FBITHRBELEIN-O—FD LS
[CHAD
- Data stays in registers, rather than cache/memory
- Minimizes virtual function calls

- Compilers can unrollloops and use SIMD instructions
- T—AREFvyia /AR KYBLOREDOBIZTED
- REBABMFEUELZRIMET D

-AVNASPRIL—T =BT HEMNTE, SIMDIRE[ES
gdatabricks



Whole-stage Codegen: Spark as a Compiler’

ERT—Y a—F&ER : T /8145 1&£LTO Spark

Aggregate

Proiect var count = 0
) for (ss_item sk in store_sales) {

if (ss_item_sk == 1000) {
T count += 1

Filter } J

Scan

gdatabricks



But there are things we can't fuse
LOLEESEDATENTESLEVELDAH S

Complicated I/O w72 1/0
« CSV, Parquet, ORC, ... CSV Parquet, ORC, ...

_ . nEEDATIL—ay
External integrations -Python, R, scikit-learn, TensorFlow, %&
« Python, R, scikit-learn, TensorFlow, etc

Don’t want to compile a CSVreader inline for every query!
HIT1)TEIT CSV reader Za2 /XA JLLT=L7RLN !

gdatabricks



Vectorization

NJkIVE
In-memory
Row Format

AEYRADITIA—< Yk

1 john 41

2 mike 3.5

3 sally 6.4

gdatabricks

In-memory

Column Format
AEYRADINTA—< vk

1 p 3

john mike sally

4.1 3.5 6.4




Why Vectorization?
FENTRILE?

1. Modern CPUs are better at doing one thing over and over again

(rather than N different things over and over again)
X V73 CPU [FVEDDEZMELRELTODONEE (N BEDRLGDHZEEFEDM
EH112&YT)

2. Most high-performance external systems are already columnar

(numpy, TensorFlow, Parquet) so it is easierto integrate with

INAINTA— D RIGHERD AT LD %<& BRIZHSLF (numpy, TensorFlow, Parquet)
THD=H. AVTITL—rTH5DONKYEE
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Parquet - 11 million
rows/sec

orres T
vectorized rows/sec

High throughput
BRIL—T vk

Vv

€databricks Note: End-to-end, single thread, single column, and data originated in Parquet on disk



Phase 1
Spark 1.4 -1.6

Memory Management
Code Generation
Cache-aware Algorithms
AE)EE
O—F4&RK
FryazEBHLETILIVAL
@databricks

Phase 2
Spark 2.0+

Whole-stage Codegen
Vectorization

ERT—Y O—F&ERL
RNIkILE
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