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Abstract: Currently, with the exponential growth of data on the internet, the complexity of big data
processing systems has also increased dramatically. To adapt to changes in factors such as cluster resources,
datasets, and applications, big data processing systems provide adjustable configuration parameters tailored to
different application scenarios. Among these systems, Spark is one of the most popular and contains over 200
configuration parameters for controlling parallelism, 1/0 behavior, memory settings, and compression. Incorrect
configuration of these parameters often leads to severe performance degradation and stability issues. However,




both ordinary users and expert administrators face significant challenges in understanding and tuning these
settings for optimal performance, resulting in substantial human and time costs. In the tuning process, selecting
unreasonable parameter ranges can increase time costs by fivefold, or even worse, cause operational failures in
the cluster and terminate system operation—an incalculable loss for large-scale clusters serving customers.

To address this issue, this paper proposes a compound search method, named CS, to determine the value ranges
of 38 configuration parameters that are closely related to the performance of SparkSQL applications. CS first
categorizes the configuration parameters into nine groups based on their functional attributes, then models
dependencies among related parameters within each group. Starting from the default values of Spark’ s
configuration parameters, CS probes and defines the value ranges of 38 key parameters, significantly

compressing the parameter space.

To be more general, we chose the SparkSQL application to evaluate CS using all 103 queries in TPC-DS in a
cluster of 4 x86 nodes. Experimental results show that compared with the traditional methods, the performance
of composite search is improved by an average of 5.5 times and 4.9 times in the program dimension and
parameter dimension, respectively, and the success rate of Spark SQL program running in the value range of
composite search is increased from an average of 46.5% to an average of 81.7%, which is of great significance
for the application and optimization of Spark SQL program.Applying composite search under existing
experiment-driven tuning and machine learning tuning methods can reduce time overhead by an average of 30%.
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Fig. 1 The success rate of a Spark SQL program during machine learning tuning

3 FEig

I EAHER



WHTREAE LA S 2 0, Al SR ETE 55 R oK i B 2 B 4 R X i 2 T ok
We.? T 2a3RATAT DA E 2 BRI Bk A, A2 Spark B 7 SCRYFT4A L B 241 default
B MATEEAE R, RZE G AR R S B — B A CARDE (2B, W) e A PRI 4R . 4
M BRID TR, RGoh B R, A PILER S Bk AU i, F-AT1 o B £
PRI i e *M*ﬁﬁ%ﬁ@ﬁEﬁﬂﬁ,kﬁﬁW%@%T%T SR, X b B K A
*ﬁﬁfUTﬂA@ﬁ

H, K BUAE 23 B R M52 i 34 R B A%, B BT 28 1 9 A7 38 R IUIE
um,@%ﬁ%ﬁmmﬁﬁkﬁﬁlmBEE,W%&mulﬁBﬁ/ﬁﬁwﬁmﬁ,%ﬁ
FIMAL B Yy 8GB, HRTHEE 8 WlRe R A IA S, HEU AL R FEE GB
g, EAMEWMSENEEFEAR. 52, RATWERHAEIRE R 100MB {E R
K, WATAERN AL FPE BRFETHEILR] T 100MB 20, (2% 80 LA RefF 4
S BT EASE S T 10 £, XRAETE M2, ARMEIA B (0] 585 B P . PR ER
VS I R T — MR SRRk, RERE SCILAE SRR X R ATG A 1 & H bR (E
FEREREOL T, FIA Spark sQL #2 /7 HC B S 8RB OL T B UM &4, SCOiie B 280
BEPUER A E, BRI AEEGHER.

RYE Bk, AT LUR A Z R0 E S 20 Dhne @i, HEWT Hh 20E Y e B 2500 {8 1
Yo —AELEXE, HARE B BT HUERMNEE S, EHMm/RER, [EEE
KEUMEEZSH, BT HAEBEMmS W, RAELAET @ ST EHER A E S5,
NOAT AR 43 e el YA BSR4 Y | T AT DUHCR 4R 3 ] LG B OB AR o 2 AR AR
%, WHRME G R FEH TN G IEEHE R E S, 9IX A A A L,
J7iE EARTT UAHE 2 B BB R B 24k, DL SR /R BRI [ e (e B 240

AT LG €S BISRHEAR S IR S5 —HB 0 M R X B FHEERM (Preliminary
Interval Detection, f&i#% PDD) , IXJEARINVERIAZOES 7, [RIAEAA G i) BT 1 b 5 s/
T XA A H ARME B A € P, POl AT DL e v R e BB ARy, WS R X R AT 18
T AT LA AL e 48 R 7 i — BRI s 38 38 72 X IE] B 2R R4E R (Fibonacci
Search, E#K FBS) , IX—#B4r FEETE PDI WP HiE M X H]_ L — PR, mAHCiiE
ZH B S, RMESEGER, BARKRMEFE, DREL LA AN CRE DR FE Y
THUANGEBR , REUREEWE 2 frs:

1. ke
(2 memmmn) > samnan

BB ik o N ww.
i R — = m——
oark - um e 3 5-1
park .executor.memory  1g N S N b
RE Eﬂﬂ :
oV B 1
spark.driver.semory | 1g - " p

2 EARREER

Fig. 2 Composite search flowchart

3. 1.1 R AL o

£ Spark sQL FfriafridEt, MTEESHMAGHRE, SHILUNWAEDL:
(D BFHITRMG () BRI RS S REMNRERFRHL, ERRER
PR R el e BRI AIZ R B2, INTTIZ A IE T LS Spark SQL L B S8 EISTER . 3-Al



B UL b RO A A IR RO R I S it . X A EARAE A1 R B — S T 46 X ] 4R
HARIAT GBI o T T ERAT T 2849 156 B PR o 5 St 1 DXl AR FH 7 5%

MR R (1, Y REFEFECE S spark.executor.memory #1%# A 50GB,
MAERE) memory B IR E R4 40GB IFf, Spark SQL N FIFEFF AR S R D ) fEH ALAl% - (Out
Of Memory, fEiFK OOM) THAT R . [HIFIRIERIZ, 4 spark.executor.memory 1K &N
40GB, TMHHREH memory BZHEA 50GB I, [FIFEL KA OOM #Hi%, X2 T{ESkbrigtT
FE, Spark FIN D ECAS IEELS executor #5757, AL driver #4), R4 A1 541155
X (buffer) K/NCLSEERENLESS A S EAE RGN AE 5 BIIRATRI A 52U el
DA S, mT DALERR 7 SE BRI AT ri s bR i, — B Izl 7 s i, AT B B S35
T ER SR, NIME D E T B B S B SE A .

XA R (2) , [ RISFEF A E S 2L spark.sql.autoBroadcastloinThreshold 13 &
ORI, 2 IR R B B ORI B R A E A AR R ST SR L, X2 3R
e ISR - AD A SN 11 1A o S S e IS 1 = 6 T W Pl s 2 o P 1= v (R R
WENRFEER T SRR E S B E, R DUF Rothig i e & 2800 8550
il

3. 1. 2 MR X [a]HRM

RN G TEEE N, BATGRI S R SRR Spark SQL F2 7 AT 1 S it bR £k
F(X), T F(x)#£(0,00) Fi%E4: HAE KL (a,b) L F(x)>0, 7 (0,a) 1 (b,0) £
F(x)<O0, WRIEMEEH, 7£00,00) FLEHEEM MR X MX,, 5 F(X)=0, XK
X, X, B TC B SR I 4 S R (B A2 7 5 a R 5 b o« PDT E 8 = AP IR
% (T A RS RS R vT DB R, R DS R A0 A b B -

(1) MESHCP dE 7 SRR ERAME D %, HAAARD , n &Ko 4aniss
SRR RS, JFEHAAN =1, - RAGHENFESK S BERN Dx 2",

(2) wEYn=Ki BB A R B, WA CP B HCN -1 194l, I HE ¥
n=1, $KS HDx2",

(3) EEL| (), HERBMEHF(X)=0.

Y CP HIR B A [ imt, K S ARGt F R B8 0 K AR N TR A T F%,
i3 p T IR TEE S0 S bk )50 S I —— R SR T B KB KRR R
SR, SRS 78 43R FH A I i3 2% AR I S B30 s —— R MR TR BOR
PSR PORICSEID A . W 3 fiR, BATRAZE L £358 kK WA VUsH, Hifb pr

TERIIX R, T
L,=D+>5-(D+>.8)=>5-Ys=2"" (2)
n n-1 n n-1

Horp 0 R A AR B B TR AR RE L AN, (B4 — %
AR L ARE T Ly (R IR I NS TR T AR 0 R
L,
b=~ ¥
>

sk oy, b0 mpmgpeirre, b, XD, Ly
e X, 78 F(X) = 0. BEZEAIHEAT, KIRWA D, 3 ELI X, 4 e s



W5b .
XFT PDI USSR, i1 T B3 UGS AR X T e 4 1 LGRS S 58T 5 D OS], (L)
2", EpfREKR, BRRTBARN R ~ 2", BRI 2 E KRy O(log n) -

mm  S-RiEt
BEoIRES
FESIRIEE

BN BRI

LB KR
RB HAR
DV  ERiAE

RESHE ;/
. = >
0 LB DV RB ©o

E 3 #MIBXERRM (pp1) HYRGSIITTE
Fig. 3 The specific implementation process of PDI

3. 1.3 FEPAR R %R

T S 2 T S B N RS, ) 4 . R
RN, BB R A S 2R IR, T 2 O s

u)BEE%ﬁﬁ::ﬁﬁ%%ﬁﬁﬁﬁ@@¢ﬁm=§§9,#Wﬁ@ﬁﬁ*ﬁﬁ
B HRAR AR, S T I (MAREEI R, T p T S 2 2 T 4
TSI N X T S 7RV R, S T S0 0 L T 40 22 X T

A X =a+ F;z (b—a) fix, =a+ Fics
k k

X JH] . I% B #4220 %0mT LU 0.618, 43K mEanE 4 s,

(2) WS : R A 0 R AR R JOS AR X BE R, W SIOs xS
B, B UGERME X A E g/ ST nAbR, o8 REZ %% O(log n)
URIEAR T 2E IR TIY 2R IR WS A P B — /R R TR, PR B AR T2 K 97 [ 48 e P2
EEEOA BRI RE R . B, 2RISR R A W Aok P2 R 4R ), Tl 75 22 O(log n)
UGS, (BT 12RO RES, XAl i s 28 T Bk

(3) EMF: Z RN T O HE A 0 G pR 2 R 32 1 B0 Y B
o TR AOUHAAE T I B A Rk, B R A T R O R ) B R R 1 L
T IF BRI HRZ A BB P A s 13ROI S R AR e s B Bt ARE AR, U
FR B E T By AR GRS P S o BT B R AR, & T
ARGy R R

(4) WRERE: — RN ERIEZ N O(ogn) » KRR R X 8] )
—PHERR B, AR R A O(log n) A8 T H X 1) 4 /N 7 S T
LWHRAES N, AR F R T g T R

(b—a), SRJE MR I pf B fE vk 5E o] BT 19 R



M aS%EA
M FEXE
LB LR
HB HhaR _ —
P HRA E_;li 2Ei_l
2 2
Eﬂﬁéﬁfﬁﬂi I 10 1
® & ® =
0 LB SP HB
4 EFEPREER (FBS) PHEGSILTIE
Fig. 4 The implementation process of FBS
32 KX R

H T B S E 2 R LR R O OC &, SR8 80 ) HUE AR AT 2 0 HoAh 50 (i
WEEA R . Eh i B — MBI T, spark.memory.offHeap.enabled RE T 758 FH &
T jvm WAELLANIHESNNAF . T spark.memory.offHeap.size Y& 5E T /3 EC4S jvm HEAN N
TEMRIRN, QIARATE IMEA False, B4 J5 & AR /NG A ATAR] SEBR 2 (Y, Ik Ak, cores
FHRY shuffle MHRISERBIRC REEIRIZ, cores FHIRIEREW M EXLR, M
shuffle AH G ZEAEIAT BATE] 12 I BORFEAN R IR B, BB v R i join 45:4F,
5 spark.sql.autoBroadcastioinThreshold , spark.reducer.maxSizelnFlight, spark.sql.join.prefer-
SortMergeloin % Z #{ M 5% , aggregate ¥t 1 5 spark.sql.codegen.aggregate.map.-
twolevel.enable F1 spark.shuffle.io.numConnectionsPerPeer F15<554%, X LBk Hfioe RAE(T 2 fa
A, AR Bk 8 e KNk R RRALE

DRI FRATTRF I 2R LU DI AH S S B Sl AT A0 3, B0 memory AHOCHITC B 224K,
Al LA BEAS worker 11 A3 LS executor [PAT WA spark.executor.memory 5 executor 144
i spark.executorinstances tH3fe, A5 5 HESNAAE LU AN NAEAR DD, BRI AT45 25 Bl 45
Spark sQL M HFEF RIS NAE. X T MEEAERAHCHIACE S48, |ATAT LLEEZE A 45 B /)
XK, HiEEET R, ZeE RGN, P NS ST . XA S E R
spark.sql.autoBroadcastloinThreshold, spark.shuffle file.buffer 5. 5 —28 &l i 4E 885 ¥
€ RE R 70, P AT 4%y T A SEIR , 445 spark.locality.wait, spark.reducer.maxSizeln-
Flight, XA/ AH MR GIBTIT . 2y 5 IR e 2, WAFRURA PR, ArLLbEY
MRRTE RN ESHIME; ANFRIERE, MMEHER, rTRURTEHENTLES
HE, TR 2 AN AE IR R . T IR 2B NAEAESS, Shuffle AHICHI N 25 7y
i A IR [ B S B TR AR G 2R

3.2.1 WIEAHSE

Hi T Spark HINAFHERE, REGFOINASEOENERRERE . AFHMRELEE
BFEWRN: PATRILAE . PATHEIAAEZSR shuffles join. FEFHIER GBI BN AFHFE, T
7 At B A7 2 46 T T G247 AN B AR R A N B3 180 5008 FR A T A o I AN SR e e
TARE NG X M, XEWE DAE AT WA, A48T DRI AT A
17, RZIMR. FEPATILRES, WAFATRER AR 7 Z IR B A7, (B R AETIRA —E BIfE

8 v



R FTH BN A A 2iX M. R FBES — X M 7 X, 7 X 227 Uk
EAZHIRZEE, PN AH RN AL B 2. (1) spark.memory.fraction, ‘E&n~HT M )
WAL, BRIARE N 0.6 HARMAH THIRESEW . wBIEMLRY; (2) spark.memory.
storageFraction, ‘B /~EIE /D R BUARE N 0.5,

3.2.2 Shuffle %

Shuffle 2R = HIHEEAE, KN Shuffle s 20w 5 NERE, S8 5 105k P 4545 %
B, G DL ) I B A B A 0 HE B P DL 298D shuffle IREGERE & B AR 7 PR RE
HopIX L LA ERE DL LA I *By Bi*ByKey H 3l A e R EL shuffle #/E13). RIiZF &L
&7 A X S () groupByKey AT RIRLIMIERAE, ZIRMEAEM % EAE A2
#a4E;(b) reduceByKey #EEEEAH, THEA 7 XA EEIN 2R A A8 (o) BEkE A flatMap-
join-groupBy——4 MR AL I Bl — > groupByKey B, HUF{HH cogroup, K22
Pt AT st

3. 2. 3 Ly i FH O

Spark N FE A o R 2 i B R FH ZR ANV 2 DML E SRR VIS, Horh G R N A A2
SR> 2 T IO BC B S 80, I spark.sql.autoBroadcastloin-Threshold, ‘& i@ it #%Hl]) #& %
PIERME RS, AN 3 2 &N s R RN, {B1E Spark sQL F2 P PAT I fEH, s
FA BN B8, 5075 2R FH X 28 A8 21 %% 0, A0 8 ) B R B 2 s ™ 1) XA 2 41
ZE ] el (HIUERIG KT R RN BE KD, — IR S RAL R &AL P NAE
FEAt, XPEAERE 7 AT I 72 gl v DAAE AT SO B A 75 B AT M 8 ALt . e
FI) P IS 22 SH it ke I 248 411 25 0] 5P sparrk.locality.wait, ‘B R RAEFEAEHEREATIN, ek 30
RAMR B, WE e & Al RDD 2 XA EATIN, WERA MR FHERRLE, TTHah
17, WREETN, WEFRF spark.locality.wait ¥ & 1IN ARG t f5, FF4EM F—Z% executor
FRGVEIIEC, WH executor IR N, WIFFZEGE— LN AIERE t, 7] executor
=% node FRZP/TEC o X FEIIT IEFE i, T LA R X 245 ) 2 1)

4 SCIEERE S

41 EEERMMEREMEREE

N T EEE G R ARSI A G IR A B, AT LI R EREE 6 &
X86 ZLMIHIRSS 2% L, X R I HENKEE TPC-DS 1Y 23 4~ Query 34T T 40 #T. 437Kk H
LG I B e 5 K AR 5 5 S R0 Spark saQL N R, #E 500GB K /N & F kT
fEIEE R AR . Hodr, [ P KR FRATIE AL EEA R 250, P B ] e AP G & A
[Fl, %t*f spark.executormemory, FATEEFIEK B E N 1GB; MEH*T spark.sql.auto-
BroadcastloinThreshold, FATENFPKIGEN 1IMB. XFh 2 772 HSHAR 5 1 g M thoE
B, RPN E G RIER, WX A RS HO% A B A 6 B W = 7
Zo LUFRBANEA RN B A& MmO RIS, Hrh a4 TPC-DS KAl E
SRR FRINBURE Query 4EE K0 Spark MERERINE LA E S8R, FEW K& 10
BAREMER query 703800k 1 B, HAak AT H AL 102 72 200 00 b 3 A 5 i
T, a0 e Seif o AL P AEAE I E =M & RE S B A RN AL AR s &



W AR AR T R R 5 A 2 A HE e S A, v 548 52 T H S ATt [ B ) 2l
AL SN SN GEIHE R 5 SRR RIS T R R S W RS
%2, Gl S H AR IR S PR R P, SN R
i R A RAE T R R R A o A SR, G S p R A 1 S M0 BRI EK
ENGE H SRR . KX S B AL H 7 4R A7 6k

# 1 TPc-DS EERFMHEMNT1 Query B3

Table 2 Categories of the ten representative queries in TPC-DS
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Table 2 Top 10 configuration parameters for Spark SQL program importance

8% &
spark.sql.shuffle.partitions 18.75%
spark.sqgl.autoBroadcastJoinThreshold 16.82%
spark.executor.instances 5.84%
spark.executor.cores 4.75%
spark.default.parallelism 4.74%
spark.driver.cores 4.56%
spark.executor.memory 3.61%
spark.memory.offHeap.size 3.41%
spark.memory.storageFraction 2.95%
spark.driver.memory 2.88%
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Fig. 5 The speedup ratio of compound search compared with fixed-step search in the Query dimension
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Fig. 6 The speedup ratio of compound search compared with fixed-step search in the CP dimension

El: spark.executor.instances
DM: spark.driver.memory
DP: spark.default.parallism

DC: spark.driver.cores
EM: spark.executor.memory
SP: spark.shuffle.partitions
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BJT: spark.sqgl.autoBroadcastJoinThreshold
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Fig. 7 The success rate of the Spark program in the compound search value domain
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Table 2 The query of the TPC-DS in which several weights in the recommended value range

Query &# WE

q72 7.78%
g23b 4.38%
q80 4.17%
q64 3.95%
g23a 3.95%
q29 2.08%
ql7 2.08%

5 Sthsithie

AT (0 Z B0 T3 2 o 1 e vk B AT B YN Y 3 bR i 2 [ R R A 2 T (14
APk EXA R BEERT S, SR T ASFRR SRS BT k. XTI R 0 A BUR N
& Bl M AR SRR I T XL

TR B TTEMI T N R LA, B PRod o R 41T 2808
B XRINEEE AT ER MRS HEMEE, 6 THERA KEIIEATH IR 1S
DU PRESRAGAC B R W B EE RN, R DA IR T8 R ST ALK AT
$ERRATROL, @ H XA AR U8 e B R ), AR A T AR AR A (E EL PR,
AT B RGHATIREE AT B A%, AT DAFERE I (R A SE R B . SIEFIN, e fska it
U, REERGREZ G, RIS AR IR, AT R T AR A A BLE
IR ARG R FOVERBT F e RN, TR 24 2 4 0 BT 0 75 SR BAN i 2 T
I, MUATREAEIEN, KRR RN RE S . TR SR AT LOE N a3
5, EAFRERESHRECE T, REsI AN B B S HUE I, o — P AR A 18T
.

JRAS AT — Rl R 0 JR GE A AR A5 R AN AL AT IR A, A AR 1 R
TR AR T 2o IR i B T AR A, S I ST RS R HOR T AR AL R



gitkpeoav2l, HALAALE T REV IR BEEONHERR I PERE TN, JUHORAEINA 2 0% S50 K A
Xt ARGARZN BTG OLE o R RSAERE,  IF R T LORS B0 20 #2502 2O e 152
Wi, FFAE IR A BT OO R . IO T 7 2 v R R R SRR RE TN K R Se e N
B A A SRR AL PSS . SRTT, XA A AR —E OB, B SR A
AP B SE AR BBOR,  HESRIP R AU RGARZIN W, THRAER R A
girh, EESLAED A AR R — TR 2 A HARR (S5 . R SR AT LR R sE
W%t b RT DA SE A S TSR T IOBCE S EOu R, JF H AW is A B @ A B R ) e
R A B PR 5T R DA B AR AR A e P T T4

S5 H 7RI R S AU RN R G REAT AL, DLV AN [ G B R ST RE 1Y
Wi o SEILAEAL,  F PR DA A SEBR AR AR A B I DL, B AN [ S RO E N R SR
32825 PR A Y 7 B K E S B AT IR R B 1 5t Gl e S O
R U A A A % 31 A T A S v, 07 ECRE 6 4 (UL IR SR B A I ke SR Al DLk
B ERNBLE T m B RAGTEA 24, FIP AT RO SO i B, e O
MK RGHIREEVE. RN, (5 BB RS A B A 3 BV B A AN e s A R e B
Xt RGUIERER B ARTE N, A B P E ARSI AT . SR, O EOVA AR AR T RO A
BRI FAS L AT REA I I, O TR S R G AT N, D B RLE 5 2R R T
B, JFHOT RS RARMBTER RSP RGHIVERE, BRI —ERATE . MESHR
FAT P IR T DAL S S0 20 SO, X sk Pe R 48 (G B 2 B AL ml iLidt 4T 1
ik, PR R A S LS

U6 SR B T IR T S bR IS AT Bl AN B, I8 I S BT SRR RS M. X
PRI AR VRN B AR R R 00 TR, kEE S B2 S AN ESdE 7o i RIB D ARAE R 5t
PhfE. MBS RGNS R E, WEBTER, FFIRE R BURBERNS, R&REIR
HEfiE B (26272829301 S AN 5 P I B RIE A E T E RES S I 5 Se b R v L — S i
PERCR . I8 S0 S B st F P AT DR R BT AE O VE RES AT F BEAT R B8, ATk 21
YA E bR ORI, SCIGBRBN VA WAFAE B2 AR AT, R HH R & RN T R B R 4G . A
RERGH, REMATRKER LR AR ZRK KN AR QTR TR thah, Lk
B MDA EAL A5 RS, W RSCaR 4 R ACRIERT AT Sk, 5 0w e 5 SO HER 1
giie, HEMRMIFRA 1R G MR TG B8 I ) T4 A0 52 PR SR (132 AT 24
55, HVRIHES HACE S B E v B, NI Bt e B SRR 1 T 5

P27 20 5 08 1 Kt SR Bl ) 7 AORF E AR SR PR RE TR TR o 3R 5 9238 5 AN
TARGMAFRHLE], W02 A KR I e SR R B Ve RE I G R R . HLas 23107
R A EER R TR B s NEE A S R G RIAT Y, IFEICEERE EREAT LML, JUH
FEAETN R IR ARG, HLERaE 2 AR A B R B 4e it , B SR AE R, AT
BEATIRAC RS . SRSk, HLasF A TTEAREILRERN RGN TAE L T, RGEASHEN
A CERET, BN EBEE AT VISR, A R BE A Hos 1 AR AN BT B RO R
(3031323334351, JUENLL, Mlas kA HRIRYE, B ee BT KRN R R ESE,
0TI N 3 5ok U T RE A — kAR FLUR, I ZRAL S o ST R R e T SR B
I, JFHNGERBONE 2. IR A 2B ERIEA RN T, PLEs5E I IERRCR
FIRE BRI 1R SR T UOSHLE = DR i A, B el > B ses
e IO E SR ENEE, )57 2 T E R s R B, @ BB R
SIRRAY, M e 1 R 0 RO A BRI 1 I B T4 o

HE NI AR RN IR Is T T, seif M RGOS IR A 52k B 3 i 5
BB S8, XA 508 RIS AT oGS et m NAT e ZOR RN, RERS FE AW A2 AL IR 34
B RFFBONRRE IITERE . BIE N VEIE I e R R G, WIS hR, IRIEA



) AR SRR AR S S R S H, IR R GG A R mdusty. HEBEMAAET
REWS HIGE N R R SACE, 5l A TS LA A AT 10 I P Bt i S I 1) 6 o 23R ) AR
Gio FERNJTIRRENS I8 I B A A SO AL B AR AN IR, M G 2R G R B e B
BEA) FEIITERE T BE. E L, BN ITERSERAIN B 2%, /BN S AR
BHLE], IR A SRR AT A A et o PRI, IXAPOTVE R AR A R . EAh,
SIS S AT R A ] e R AP T ST, PR AE — e B PR AR, T R G A
I JE N LA AR G 8 IS BT . T R A R ] DUB L e IO B S B, N EE
2T AR BRI ARE UL K Sh A T AR T ], AT iR B & BRI RR, BRI R T
B LA R Rt B I B PR

6 it

AWEFCIEERXT Spark SQL s AT HIEEANLA, diaiESEAT RN, Rl T
— IR A# Spark SQL B E S HUEIMINE——E AR, JFA SR E S BUR KR
KA, Gl T EIXRDRAF AR R TT S S REBW], Toil2 R P4 L2 M E B 2 $ 4
b, RERZNT Spark SQL L & S AN EIHE R AL SUANPERE ST 8.3, T8y
7PN 6.5 AN 5.9 15 . Fi4b, MR GHERISEEAES L Spark SQL FE/77 1247 (KM Zh &
Hi 46.5%5271 3 81.7%, 72 1 KE e i B 2 AUH G B i [ A, JF Higm 7 iEre
IBAT RN A AR SR SRS R AL S L MO A N B AR, ser b
30%FIIN (T4, XA E S HOR A EEAE L.



#< 3 Spark saQL BEL B S HAVEEFEI

Table 3 The recommended value range of Spark SQL configuration parameters

¥4 BRiME ERTEE
spark.io.compression.zstd.level 1 1-6
spark.io.compression.zstd.bufferSize 32 16-96
spark.executor.instances 2 1-64
spark.driver.cores 1 1-24
spark.driver.memory 1 1-36
spark.memory.offHeap.enabled False True-False
spark.memory.offHeap.size 0 512-20480
spark.executor.memory 1 1-64
spark.reducer.maxSizelnFlight 48 32-128
spark.shuffle.compress True True-False
spark.shuffle.file.buffer 32 16-96
spark.shuffle.sort.bypassMergeThreshold 200 64-960
spark.shuffle.spill.compress True True-False
spark.broadcast.compress True True-False
spark.kryoserializer.buffer.max 64 16-128
spark.kryoserializer.buffer 64 8-128
spark.rdd.compress False True-False
spark.memory.fraction 0.6 0.32-0.96
spark.memory.storageFraction 0.5 0.08-0.96
spark.broadcast.blockSize 4 1-4
spark.executor.cores 1 4-16
spark.storage.memoryMapThreshold 2 1-16
spark.locality.wait 3 1-16
spark.scheduler.revive.interval 1 1-1024
spark.executor.memoryOverhead 384 384-20480
spark.default.parallelism CPU cores 1-1024
spark.shuffle.io.numConnectionsPerPeer 1 1-5
spark.sql.shuffle.partitions 200 1-1024
spark.sql.inMemoryColumnarStorage.compressed True True-False
spark.sqgl.inMemoryColumnarStorage.batchSize 10000 8000-12000
spark.sqgl.inMemoryColumnarStorage.partitionPruning True True-False
spark.sql.join.preferSortMergeJoin True True-False
spark.sql.sort.enableRadixSort True True-False
spark.sql.retainGroupColumns True True-False
spark.sql.codegen.maxFields 100 84-128
spark.sql.codegen.aggregate.map.twolevel.enable True True-False
spark.sql.cartesianProductExec.buffer.in.memory.threshold 4096 1024-4096
spark.sql.autoBroadcastJoinThreshold 10240 2048-409600
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