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Abstract Due to the boom of big data applications, the amount of data being processed by servers is
increasing rapidly. In order to improve processing and response speed, industry is deploying in-
memory big data computing systems, such as Apache Spark. However, traditional DRAM memory
cannot satisfy the large memory request of these systems for the following reasons: firstly, the energy
consumption of DRAM can be as high as 40% of the total; secondly, the scaling of DRAM
manufacturing technology is hitting the limit. As a result, heterogeneous memory integrating DRAM
and NVM (non-volatile memory) is a promising candidate for future memory systems. However,
because of the longer latency and lower bandwidth of NVM compared with DRAM, it is necessary to
place data in appropriate memory module to achieve ideal performance. This paper analyzes the
memory access behavior of Spark applications and proposes a heterogeneous memory programming
framework based on Spark. It is easy to apply this framework to existing Spark applications without
rewriting the code. Experiments show that for Spark benchmarks, by utilizing our framework, only
placing 20% ~25% data on DRAM and the remaining on NVM can reach 90% of the performance

when all the data is placed on DRAM. This leads to an improved performance-dollar ratio compared
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with DRAM-only servers and the potential support for larger scale in-memory computing applications.

Key words in-memory computing; Spark; heterogeneous memory; non-volatile memory (NVM);

programming framework
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Java Heap £ 4> X0 7 2 AT T 40 B, JF 42
tH T TR eRBORE B R V8 BB #E AT RN IR AE Object
G0 3 7% i AR (L HC TR 1) A R SRy SRLBLNE FH AR T
AP SCHR[45-46 145 TAE$2 5 1 4n el 78 $h 47 GC i}
R N swap BUUE B E R R  H RN 5
AEGE R AT DA %5 33 SE A 5 1) R

ER Iy TAE X R B T AL G B AL Java B2 P E
1. %5 T TB 050 19 43 A XN AF T3 R 40 ot 5
ViFEAT R 2 R A AR R el A8 . A SCH B v TB 4%
S RN AF T R G AT 1 0, R4 T &
R TAT BB A SR SR

3 ET Spark MIRFRAERBEIESR

Spark il Open] DK #45 A C 19 A 778 BLEL A,
B 0 A Je ) 6 52 30 35 00 A7 A8 BILRR SR T
W, Sy A B A T DATE S B N A b B A S AT
£ Spark Fl Open]DK W A~ 2 R #E 47 T 5 5T 4 A7 X
FF. 7 Spark ZE ML T & A AT L FEShE
B4E A/ AP #E Open]DK 2R FEATAR#E HotSpot
i) Java Heap 4§ PR i $2 4L T %% L HEHE 19 F 3 A1
JR % A BT RN 2 FR.

AT LA Spark J2 B N A7 8 BRBL AR YA X 4
HE R S 5T N A g PR AE R B BT S S B AT R 3

Spark ¥ N 7 X 43 Storage Memory, Execu-
tion Memory W K #B43. Storage Memory W 5 55 1%
i) RDD %43 ; T Execution Memory H7°} Map, Shuffle
ST
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Cache RDD

transformations

Spark Application

RDD. persist (StorageLevel .
MEMORY_ONLY)

RDD. persist (StorageLevel.
NVM_OFF_HEAP)

U

2 U

Spark Execution Memory | Storage Memory | sun. misc. Unsafe |
On-Heap Off-Heap

OpenJDK | Young | Old Generation | |
: Off-Heap :

Ori-Heap
Heterogenous Memory

il

Fig. 2 Architecture of heterogeneous memory programming framework based on Spark

& 2 JET Spark I 5 51 A 17 4 PR AE SR 4544

Xf T+ Storage Memory H &  H A7 17 B[R]
B B BRI Object FER B, P23 45 GC 1
1T B R W3 W JF 8. [, Storage Memory H
(AR 22 25 A7 B0 06 2 T 2448 FL U Rl JF A g0 %, 19
W AT LUK I rh 8 R o ¥ B O 9 Ak R 46 s i
Off Heap HLil & T NVM. tF RDD %4 54 #4nf
VB AE 5y i iy Spark N I & N SC U B3R AT
Pt APT e A 45 i Hh 4 A1 Jm)

%} F Execution Memory A7 B 80 3. H B fE &
T Java Heap W, 1. S T % P DRAM JC ¥ i
& A AE TSR RS HG HT 32 Y Java Heap AHXT 7231
SR /N GC Al Sk B T4 L AR A
fiti % £ i K F DRAM () NVM k3" J& Java Heap.
EJR o R T I A Bl U TR) A B X N A fE iy B
FERO) A B R R AT — 25 F ] Open] DK
XPHE A R B AT T A Bh A R

T 9> Spark NI RN B 2 AT
AN & 8 1 T — A>T B Storage Level #:0. —H.
FFENGHEH T HATH 4 0 K458 F Storage Memory
Fi B PE B A B Open] DK 8 H s Xt Java Heap H 4k
Yo (R A Sy AT A s B BRI AE A £ FH R AT 4R 3t
f) Storage level 43 1, tiL 7] L 1 iy 2 B 3 JF 53
Open] DK 2 #8504 A 2h 4 Jm).

3.1 Spark Storage Memory & I8

Storage Memory i T fif £ #f persist, cache Y
RDD %4 , 3 26 5 41 Sy — 28 rpr () £ 4l L 5l 5 H T %8
v Horp AR 2 B9 B U R JE R BB O T REAIR GC IF
4 ,Spark Tungsten F| ] Open]DK [ unsafe 211,
1% T Spark Off Heap #Lifi|. Spark # Open]DK
A BT I OC R ANk 1 B

Table 1 The Relation between Spark and OpenJDK Memory
Management

% 1 Spark #1 Open)DK 75 & I B 2 8] B9 3T 7 5% &

Spark Memory Management Open]DK Memory Management

Execution Memory
Java Heap
Storage Memory

Off-Heap Storage RDD Off Heap

Storage Memory B EHE 7] UL i Off Heap
BLAL . i Spark IV T JF % A B4 Z10KL B Mo ok 52 FC7E 5
W AE R 4B BT T — 4 Storage Level 3
il Spark B HIJF & A 5 B4 = ALY RDD ‘& T
NVM:NVM _OFF _HEAP; [d] B, 318 5 A /)
OFF_HEAP ®fis 4 & DRAM_OFF_HEAP. i}
RDD fIr LA Y Storage Level 13 2 fr7w .

Table 2 RDD Storage Level
®2 RDDEFfiE%EL

Storage Level Description

cache()/persist() same to MEMORY_ONLY

DISK_ONLY Serialization & Store to disk

MEMORY_ONLY

Store to memory

MEMORY_ONLY_SER

Serialization &. Store to memory

MEMORY_AND_DISK

Store to disk if memory runs out

Serialization &. Store to disk
MEMORY AND DISK_SER

if memory runs out

DRAM_OFF_HEAP the original OFF_HEAP

NVM_OFF_HEAP Extended Storage Level

Note: Only list partial RDD storage levels which affect RDD’s

position and status.

Spark B ¥ £ AN L R EZWH AT i
DISK _ONLY.MEMORY _AND_DISK, MEMORY _
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AND _DISK SER ZE#E47 “DISK”, “SER” 5 4 = Y
Storage Level B8 # A SCHAELR NVM_OFF _
HEAP, It i f 45 % 846 8 T 7 NVM Off Heap
w2 HURR AL TR 51 A IR 2 8 A B [

A PR 75 TH R AR B A Java Heap 1. 52
Open] DK e 4 il FAE 5 J5t A A7 1 A3 Jg» 8] 3 o
AN % APL 403 5y U 36 R 26 T J N B 38 &
SN BE 70 A G AH.

val links=lines. map{

MEMORY_ AND _DISK)
for (i<-1 to iters){
case (urls, rank)=>

val size=urls. size
urls. map (url=>(url, rank /size))

}. distinct(). groupByKey (). persist (StorageLevel. MEMORY _ONLY)

var ranks=links. mapValues(). persist (StorageLevel.

val contribs=links. join(ranks). values. flatMap {

}. persist(StorageLevel. MEMORY_AND_DISK)

ranks = contribs. reduceByKey(_+_).mapValues(0. 15+0. 85* )

Hot RDDs: cache()/
persist()/ MEMORY_ONLY;
Not change, kep in DRAM

Cold RDs: Serialized or
Placed on Disk ; Change
their Storage Level to
NVM_OFF_HEAP

Fig. 3

An example of API; NVM_OFF_HEAP’s usage

3 NVM_OFF_HEAP # 0 HikRR

M TA &5 0 JF &34 . 5 IH T LUR 98 B 2
280 B R ALY RDD & F Off Heap ) DRAM X
W, 8 P AL B4 T Java Heap . iZHEZL7E
P& 5y FIPE B[R I IR 2b Spark Xf F RDD 4% il
1 R 3% BE .

3.2 Spark Execution Memory E RERNEHHHEF

Execution Memory | T 724 #£ 47 map, shuffle
SRR R TH R B Bl L bR B R A T T
T£47 . Execution Memory ™ 1 20 §& A1 Storage
Memory H14E 57 51 {6 ) RDD H fig & F Java Heap
o, T EE TR Java Heap " A9 Ry 2 i Open] DK $5
il o P AR T i 4 R AT A Ry PR, FRATT A A
Open] DK J2 UCHEAT 18 Bl . o 45 i b F 8040 e 55 5t Y
A 5.

ANF T /A NVM B A R0 AL S PG
AE AT LU Off Heap L 5 6 £7 7 51 46 19
RDD, W] fIR 4" & Java Heap. Jil 451 % GC 77 R
(IIF4#. Java Heap (09 % 48 5 205 %9 U5 Ia) , R
NVM % T DRAM 4% fig % 55 . B 75 226 Java
Heap i) £ 78 53 5T N A7 b i 47 & B A0 J=) . 45 DU
PERE 23 1 35 TR, A SOl T SOk (44 189 38 3 4F 58
B 2SR X B R AL R Java B H] L (HE 28
1 A1 5317 o Spark 33X 2 43 A 2 AF TS T R AR
HA KL

Open] DK i J] B 0 19 A 77 155 8 45 380\ 454
Rk B 25 6] B AT H R ) HotSpot AL
B AR 53 R A AR TH A AR T X = KBB4
A AC M N eden/from/to =/ X 4. ¢ I8 SCHk

CA4 T a0 B 7 s AT & IR AE AR 4R il 7K
HRI3 Y cache miss, IAEA K I 1 N AE S HRAE. AR
FCHR A4 19 4598 . LI Y cache B 48 J0 75 4b
A T P A R ) ST B X HE 2 0 B b s A
cache miss. fiff DL A< SO A AR T 8Os IX 4 0 r
) DRAM. i J& K 9 TH A= AR 25 B AL 43 T i At
X 3k

— H Spark ¥ H & A Gl A SC R R
Storage Level & # 75 7 A fL 1) RDD Aji Jmy |
NVM Xk , Open] DK fi 25 [ 2 5 Ja 8 4E AR o0 %k
i X F) DRAM DXl 1 HA 78 2306 2 A f 4 0 4
(") DRAM #1 NVM. % A NVM_OFF_HEAP #%
Hf, A DL BA— 1 A 2 . -XyoungGenDRAM, J 2
Open] DK 1 H 3l 5 D g, S 1 OB A 48] DL 58
4% T DRAM X, HE 42 75 )< 7] G 2 5 e ¥ fig 09 A7
T BRI TR AE AR IHAE AR B 25 B O BROAR AT B
R 2 B Minor GC, {H 2 & A K M i 2> 1 7E
NVM I 8 U5 7 KCE. 8] WF. 3% 05 58 70 L 2 X
DRAM 53K, Zf% 7 T DRAM %5 & K J2& 1 1
) AT B RIS B

AR AE Spark, Open]DK BG4~ JZ WK . 43 571) $2& {1t
TFW A APL F1 Java Heap F 8045 1) B 2h B
S 2 FloRE LS A O 2 SR B B AT R B S BT N AE
1) Spark &7 & N 0t 2 F5 R e fe 2 0, (8
¥ Spark Storage Memory, Spark Execution Memory
Hh KB B A R 2] DRAM AT NV ML 3 i (i ]
NVM ki WA T & g8 % DRAM 25 &5 11 75 K
fifde T 1 F DRAM T 200 0% P9 A7 11 53 BB f 42
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R 9 AR Spark 4T 42 ot 6 5 45 B 5
K 2 Bt 7. A< 0% Big Data Bench 172 1t i) 38 & 5|
B & 1 (PageRank) | 1T 8 (GraphX) (41 38 N
2443 BT (K-means) %5 B J5 HE 47 T 1 B8 40 BT, I 1%
TR R E

4 Spark K77 {E F = A0 AE SR 1 R W A% 4R

A5 % %F Big Date Bench H1 ) PageRank'™ i
F o0 e 35 1/O L GC JF 5 | Spark 5 77 4% 55 55 7
T AT TS50 40 s WA T AR R B 3 A Spark
P BE R 20 B AR SRR 254 Spark B2 5 A9 PE B 25
A FRRET S RRAE 2L B BT IR N, O R T 40 ]
b 7 P 2 4 R ATE SR A S BT N A v BT R4 9 P e

LT R B, Y ) BN AF 4E BN R 1), Spark
P51H 2377 A Kt 0 1 B B A 3 RS s e 1Y T/ O
FE&Y 5 [FBF i F Java Heap 55 [A1 R A L KRR A4 3154
W 22 1 U B GCL ™ M BRI T M8 ik 4h . th
T Spark BIF S AFE R Z W45 L 3] Java Heap
m B AR X GC Ak T & 1T
B W AR NVM B 7 24 3040 5 il . 5 )
25k NVM PEREA 41 DRAM, ¥ m% 7™ & 14 1 g
R, 4. 4 715 B3R T G ] ) A SCEE H Y 4 R AE 2 fi
P LA L Ia) . 38 2o P AR SCHR B S 5T PN A i R AE
20, 0] LAAE AL 2096 ~25 % DRAM 45 0L F - ik
) % 5 DRAM #:RERY 90 % L I, 3f tk DRAM
AN A R 2 Aot ik 88 9%

AR E VIR T AR R R A ok i A
/O FFE45 AT GC JF8S ¢ In) 8. 78 43 B L 50 R i) ) st s
JE7R T 30 8 NAE Qe s R T UL B4 i Ee. B IS R R
T Aer @ R BT A R HE SR R MR B AR 25
NVM ik #) #2395 78 & DRAM B i PERE. I8 T
1% Spark Z 5 HE 4L 7E T K IF SRR P 1k B
JE e T i T R A e B HE SR T A Ak
e iy & AN CPU 38 T 4 1] 1.
4.1 TBRFEFEUREE

1) NVM #3

ALFH NUMA F 53k DRAM 1 NVM
A BT 20 5 5 P9 A 2R Ak AR 3 CPUo,
I BY NodeO I A< b N 47 & DRAM, Nodel |- )i
SN AE A NVM. CPUO 3 i) Nodel | P 77 ) ZE 3R
VTR A N AE) 2.5 4% A SE L AR LN AE R 1/3,
fF4 PCM #1 DRAM [ 2 8, HAKTE W& 3. 1Ak,

3 AT LA SCHR 44 Jrb 8 F A0 T P78 e ok i — 2D e
R SE IR AT 5. AHEL TALGERY Trace BLAULES % Fh 7
AL FRB AT R oA U7
Table 3 Comparison of DRAM and NVM Technology ™
%3 DRAM #1 NVM &3 bt

Parameter DRAM NVM
Read Latency/ns 120 300
Bandwidth/GBps 29 10
Capacity per CPU 100 s of GBs Terabytes

Estimated Cost 5X 1X

2) W FF Spark A HC &

Spark Master:

CPU X5650, 2.67 GHz, x2;

Memory W#iE ,DDR3, 1333 MHz.

Spark Slave:

CPU E7-4809 v3, 2.00GHz, x4;

Memory i 18 ,DDR 4, 1867 MHz.

3) I3 )

AL Big Data Bench™ 4 S 50 F ). A&
T H A Spark PageRank Sk BEAT 1 REfif HT. 27
5 74 18 T At 2 B AT M R I I S T
Spark fit # RDD AN RS R A A F AR, A
SCKF Spark PageRank i 5% 31 14 68 i L AR 2 . 4 2 Hif
J& M RE X EE L3 4 i A5 U ) () RDD DLEE ¥
4L I 2L B F DRAM it (MEMORY _ONLY),
M J5 ) 80 T 4 5 19 RDD ¥ 9 ik &
MEMORY_AND_DISK _SER., 3 # % E K iy GC
TEAE. 83 Ik 7 A SO R A7 BRI v i G
B AL 14 Al fe HEIR A 785 T A I b L 0 TS R R A
T B0 FH R A0 5 A I 1.

Table 4 Optimize Spark PageRank’s Performance

*= 4 {1k Spark PageRank 4 gt

Configuration & Results Original Optimization
Physical Memory/GB 128 128
Executor Memory/GB 120 120

Elapsed Time/s 2084 1151

4.2 NEAERER 1/0 XM

H T B B P RE AT N A L Ab BR AR O EOR 22 BE L LR
R RGE R PERE T R, AR 1 4R A R
Gt FEAE 2R 220 2 UCHR F AN AT 1 B T 2 0T B 2 T
FERRL TN AT R G0 BT g B HE 2 )22 K, 3l
i v ] TSR 2R A B N A b 98D R R A
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il . TRV 2 IR 55 A 70 8 I L B AE R G L SO
F G0 2 R FH 25 TR DN 7 8 A 0 B A% DA Os /b i
1/O #2:4E.

i T DRAM 1y T2 20K 7 R, 5 %5 1 xfe DL 4%
SRhm. Pk, DRAM 25 &5l B 7 ik T W A7 iH 3
PR JR (1 i 201

AT — A B /NS 9 [ (memory footprint
16 100 GB A4 1B471E 32 GB W3 N A7 I ok eon
Yy RS 2 15 X ) TR) S I B Sk T3k A R AR
J¥ 3 B swap 51 RGPEREE T B, A5 Spark
Worker ffi 09 A2 BRI FE 30 GB. 4 A7 25 it il it
SR R B A o U R 55 2% 1 N A 4 o I T il

JE AT T 2K DT 3 80 0T 1 5 19 375 [ B 2% 1)
BEAT IH A7 AE. R, 4 SCH 128 GB DRAM 3k %R
DRAM JERR I, v] LA 2 1155 9T %5 N A7 10 58 55 1
B 5 P 1.5 2 5IJE/R T Spark H [ fid &
T R T 30 R Y BN A A 0T D R T R R
49 %. W) HR A A L B B e R BRI JE A
2 ANJr i

D PN ERE] T Java Heap K/, AR
B ANFHFEAAL RDD, H N AE A & 1S ARG

2) BRAE R GETC AL % v A B D A7 R HE AT R A
ZAFEAE SO S BT AREE: Bl 5 R 5
B BT 7 B

Table 5 Spark PageRank’s Performance Comparison of Before and After Utilizing Heterogeneous Memory

Programming Framework

x5 FARRANEHREMESLS Spark PageRank K14 E 3T LE

Configuration & Results SMALL MEMORY + DISK

INFINITY DRAM

INFINITY DRAM SMALL DRAM-+NVM

Physical Memory/GB 32
Executor Memory/GB 30
Disk Cache/GB <2
Shuffle Write to Disk/GB 220
RDD to Disk/GB 25.9
Elapsed Time/s 2373

Enough

128 128 24 (DRAM) 104 (NVM)
30 120 80 (On-Heap) 40 (Off-Heap)
Enough Enough
~20 ~20 220
25.9 ~0 ~0
1591 1151 1263

mEF 5 hEE 1,55 2 H R~ , 24 Spark Executor
(Java Heap) 5 i AN R B . #AMY 26GB £l 5 A
i . 3 26 B A 5 A B IS B s Ok T TS
Hb i TR TSR A I BN T ARG
TEAE .. K& RDD 2 55 AW &, IFEM G
VA S7 BB 5 T B CPU 1/O 4515, 18] 4
FiF T Y N RS R, B T/O read request
BOH AL 1/O wait B[] Bl F 7 32 47 19 48 fe #a . A

+ Disk Read Requests x I/O Wait %

++++ Polynomial (Disk Read Requests) == Polynomial (I/O Wait %)
100 =
=
g o L
=
8 1200} L leo =
g ’ 2 x e

A Aah x x X Xx ax” x
S 900F .. TN P aN R PTR
ke L it ST x X X X g X" AX e
g 600 X e B xmAel =X 120 o
o~ " ,xlx '{’f‘{x MECT N pca VRS M x §
% 300 hé:é&*-‘g&m x';&i’;’x'x"x;;exm;(;w.f‘)w_{_%&.x%‘.“?. o 3
A i B el NPT AN SN B ‘n“ “a AN ~
O R I VT TRk Y T Y 5. Pl | -20 =
0 500 1 000 1500 2000 2500

Elapsed Time/s

Fig. 4 Trend of disk read request number and
CPU 1/O wait time
Bl 4 RE L SR B LCPU 1/ O 25 R5 1) 8] A% 28 fb # 3

Kl 4 pal LA 3], CPU 1/O wait i 8] B A FRE 3 1)
read request BIAAHLF B @ 4 read request i
BT # = E A CPU 1/O wait.

ESE AR E 78 2 W N A RIS DL R FRIR
BATRR Y HERE W R 5 5 2 B BT R. Mig 4T i) Al
LA B 38 o 3G R Wy BN A7, BRI I R AL
RDD 5 A 8 (45 AH R 38 5 78 2 09 AR R G
FEGRAT . AT LB 0 b 9 B 1 8 13 5 A R B 2 ). 22
bR W R S O SR B AR 2D

it i T HATE X B R TAER 2, jE
A Ry P BB R 25 14 155 450 1F A 8 W s /b, SCRR (47 i ik
O3 BT — BE R R HE 2245 L 0 45 60 KB 3R 40 16
(P R — A 19 %0 A2 A

A1 3 AL 6 AR R Spark Fic BN R BN AE
MR M PERESR TF . 20 M T DRAM R JE I 3% i Spark
TP PERRR ST SN, T NVM B % £ 2 DRAM
) 10 f5 25 47 (38 3) . DR it G 7 fiff e 9 A7 o 5 AR
PREAPE DT A RAFRYWE ). AR SCHE 4. 3~4.5 4541
BF T G4y 4 5 % B ) NV A7 386 Al 08 6% o L.
4.3 HNHERZH GC 3 EEER# N

AT AR AR R AT i GC RSt Ry
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J PRy LR B ) ) FH DR 9 AE 24 T B GC TT 4.

WA RS . GC P4 E2 i 2 H 4l

1) DRAM %5 & JC i 0 /2 A7 7 5 LA, B o
T Java Heap K/, i U %19 GC.

2) K KW A7 05 1Y £ 2% /7 3 Java Heap,
K GC Xy A1 1 AR 2 19 B ls

ISRV &/ RV ST R B SN R g DO NSRS gt
R e K L i DRAM B 280k DL 2 327 oK.
PRI S AT T A0 31 B B8l WAF I A R 2 3 3K
Java Heap #5 Z i) GC.

fg—IR GC #RF 243 BT 21 Java Heap HAF£1E
() Object , FKe H A 2 3 1H A= AR 17 oy F KA 1L H
i T N AF S BT 40 BOR ARG 19 object LH AR Z
PRt g — Uk GC AR 2 i ™ B T . 76 F AT AY 52
B, Y Java Heap i5%) 120GB I}, ¥k Full GC #9
FraEE =0l DLk 3] 128s. b 4bh. i F Spark &4 K
) RDD 048 Z2 47 T A7 b o 3 S8 8080 1 0T A7 7
B — I GC #4717 8o 0 43 1 . B8 3l R 4. P
PLL FEAR 22 K s i 1 o, GC FF RS £5 2= 0T LAy 310 72
J¥ iz 7B ] A 50 260,

K, BEAR GC I8 J2 AR5 1 — > BiF 52 44
KRS TAE T LRI 3ol 2 26 i e GC SR Mg R L
PC R B 48 22 8 B0 R a5 18 B DN A7 T B RE JE R 3
GC SEmg. i, SCHRLS 1IN S K i A il 47396 T —
UGBTI b A 1153 25 R[] B B [Tl 72 45 AT
1) GC 17 R LRy » Ho2x i s Ah i R 4. [
HR A R E I i+ AT AR T GC Wk AL
HRREL GC .

Z b e 143 ¥ » Spark Execution Memory # 43
FEACHEAE SCHRLS T4 th iy k. et R B K
Java Heap 0] LA R HLIE 2> GC (#4558, 4 [H it
I/ T IeRk GC 1 & A=, 4R, Spark Storage Memory
ARG A= k. LA Spark PageRank i, K i
FE AR RDD ¥ 25 7736 1R 4 B 8], X 1% 3 53 N 25
1) GC ¥ 23 1 UK fE 19 T8 HIFF 4.

Spark Tungsten #£F sun. misc. Unsafe 22 [ 2
H T B EF 4> Storage Memory H1 B 8048 2 H Java
Heap BYALHI. BIFE PR BEA G 8 Y 5 A {6 RDD # T
Off Heap, 40 GC XF H B9 49 JF 8. 4 SCH T Off
Heap ¥ & BY TH 7] 5 5t A7 1Y 9 B2 AE 42, 102 5 18
B NVM A DRAM $ 3T 59 1 BE - K 15 ] A 45 5
1) JF BA A ) RDD H %2 T NVM Off Heap,
K BT GC FF4.

OB 3HERT R ENYINE, IR E
K Java Heap B}, 3 o FEAR GC B B o >k A M fi 2
Fh. AT Java Heap 8/NES 2 508048 - i # H ik
BT 38%. K 5 MER TR 35 (KWK Java
Heap) {4 B 9 B 0] 43 880 04 £ 1/O 745 .GC R )5
L. K2R 5 a1 BB AR R L 5 2 B AR
VR Ay 38 3 R R ) B N A T R A 1/ O I 4 1 45
Ha 55 3 BIAE Jy [R) s 9 B 2 A0 GC TR 85 1 25 5.
BT LU B 58 2 9 BN FF L K Java Heap 4 2k 19 B
ik H.

1.2

1.0}

0.8}
0.6 \V

0.4

Execution Time

0.2}

Normalized to Smal DRAM’s

0.0

Small DRAM Big heap & Infinity DRAM

MM Elapsed Time Eliminate GC Overhead
B Eliminate Disk I/O Overhead

Fig. 5 Decomposition of performance improvement caused

by enough physical memory and big Java Heap

PS5 7o L A R P E 4R T 1 2 A

4.4 RERANFEREERIEZ TR NER

W 4.2 795 403 BT R LR BN AR AN 2
X} Spark & 7 PERE & B 1 H B 52 . A5 DL Spark
1Y) N FF S JE B B . Storage Memory, Execution
Memory P> T5 1 9 YT A 1F R B 3R A 3CH2 A 5+
JBT P9 A 4 R AE 4240 4l ) T NVM A Java Heap, Off
Heap W75 TR i 758 i, FEAK GC IFHS \#E 4% 1/0
FF5.
4.4.1 £} Spark Storage Memory f44 J

Spark Storage Memory AN1H £ [H h N 17 & &
NS QSN EE L LGN AR e W i A N
EIBE RN T Java Heap, /5 1H 2338 A B 3%
o GC IV 8. BRIk Z 5k, 24 Storage Memory ¥4 %5
6] o 77 i B (09 £ A b RDD B, Spark 4% 1H 1
RDD J¥3 ik 5 5 A #E £, 3X o 58 2 35 AR K L 1)
1) CPU % 4h it 5 FF 45, B ik, A 755 3 12 4 faf #) 1
NVM 3k i Bk DRAM 75 & A & i & B iy @4 8% 1/0
F4a . GC FF 45, YA K Spark %88 8 F 4% 5 38 Bl iy
GC J14.

HotSpot H1f#J Parallel GC FZE HHi# 14> Java
Heap " 0158045, T Storage Memory H1 I AR £
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FHT s 5 AR R R O A Bl s K E N AE A
. P GC O H b i Bl 45 16 8 25 8 1 Je A i T
B AR KRB N A7 1155 b L Storage Memory BRIA
25 5 #AS Java Heap 50 % By 23 [A]. 4R A1 Execution
Memory 3% fR T Java Heap K/NA R, £ A 1L B
RDD ¥ 23 Fifi 35 £ 17 09 P04 7 1028 W 15 40 B 208 Jo vk
#H T Java Heap MG 7 9L G E A B0 &, BAR
AL R o v 1) B 2 A7 T N A 0 T =X T R
THERTFES B SR GC FF 4 2 0T LUK B P 817
] 50 %, Qi 6 BT s O B ¥ AT it B v Java
Heap "4 9 48 46 B % w1 LLA 2], 4% RDD L)
Ik H T L (MEMORY _ONLY) i 77 T N 17 i
BE 4 hAT . Java Heap H A7 3% 09 £ 30 £ 20 42 T, X
120 GB Java Heap . fEA KA JE 75146 RDD
FAAERT . — IR Full GC L2 IHFE T 128 s iy [H].

80 | Only cached
| Performance
8 60 | Critical RDD
\b L
g 40
g 20 I ~40 GB cached RDD
0 400 800 1200 1600 2000
Time/s
-+ MEMORY ONLY -~ NVM_OFF HEAP
Fig. 6 Alive memory volume after each GC

6 4 GCJ5 Java Heap H 17 1 04 5 ¥i5

N T B Storage Memory 18 B # GC JT4 , ¥
— S [n] N BB B I 91 Ak SR TS B AR AE N A
LG — AN A 22 M N7 6 4 i) RDD A Sy
T =~ —1 byte array. i K Hus /D> T 7% 2 GC 1)
FRBE T R GC T8, RB i FIE4 T
Storage Memory B & 1 40 14 725 i, 3 > 7 GC

K}y Storage Memory H 1R 22 8048 U5 0] 3 A
W, AT LR NVM Sk X} 3 iF 17 /7 fi%. Spark
Tungston #] f§ Unsafe 3 0, JF & T Spark Off
Heap ML, RPAHE Al AR B0 % 0 48 A {6 RDD J7 51 fk
Ja AT OIf Heap ., HB HAT — 2L 477 [n] 45 5 450 21
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