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Abstract: State-of-the-art CPU-based streaming processing systems support complex

queries on large-scale datasets. However, limited by CPU computational capability, these

systems suffer from the performance tradeoff between throughput and response time,

and cannot achieve the best of both. In this paper, we propose a GPU-based streaming

processing system, named Serval, that co-utilizes CPU and GPU resources and efficiently

processes streaming queries by micro-batching. Serval adopts the pipeline model and

uses streaming execution cache to optimize throughput and response time on large scale

datasets. To meet the demands of various scenarios, Serval implements multiple tuning

policies by scaling the micro-batch size dynamically. Experiments show that a single-server

Serval outperforms a 3-server distributed Spark Streaming by 3.87x throughput with a

91% response time on average, reflecting the efficiency of the optimization.
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0 Ú ó

3<ó�U��êâ��, p��êâÂ8�?n®¤��êâXÚ!²��Ø%¿

�å, ¿ÑÖuÄu�êâ��ÆïÄ�A^, Ï
®¤���­��ïÄ��. 3Øäk

#êâ)¤�|µe, �~^�?n�ªkü«: �´½Ï½½þ�©1g?n, �´3

�!¢��6?n. �öduÙ��5r, 3Ôé�!>û²�Ú�Ïi��Ãõ+�¥k

X2��A^. ��Xêâ5��ØäO�, �'A^�é6?nXÚ�5UJÑ
�p�

�¦.

6?n�.gJÑ�®²{LõgU?, 
��XA^I¦ÚM��uÐ, �'�6?

nXÚ²{õg�#�, �®íÑ���õ!Ï^�XÚ, ~X Apache Spark Streaming[1],

Apache Storm[2]�. ù
6?nXÚ�¢yÄu CPU, É�uM�¤��O�Uå, Ï~�

3óéþ��A�m�m�Ñ�ï, ~X Spark Streaming ±���A�m��d, ���

p�óéþ, 
 Storm K����. CPU O�]
���3E,!êâ5�����ÎþL

y�c�²w. �
?�ÚJ,óéþ, ¿�)óéþ��A�m�gñ, ØO\©Ùª!

:êþ±J,�NO�Uå	, �«Ï^!p��)û�Y´¦^O�Uå�r!¿1Ý

�p�#M�, X GPU!FPGA �.

�e GPU(Graphics Processing Unit, ã/?nü�)äkp�°!�þO�ü��A

5, �' CPU �±Jø�r�Ï^¿1O�Uå, ¿®�2�A^uÉ�XÚ¥, ^u3

�5�êâ|µe\�¿1O�!êâ?n�. 3êâ?n+�, ®kõ|ïÄìè[3-5]ò

GPU A^u'X.êâ¥+nXÚ (Relational Database Management System, RDBMS)

Ú6?nXÚ¥, ¦XÚóéþ¼�
¤��O�, �ù
XÚEkØv. Äu GPU �

RDBMS XÚÄ�Ñ®¢yé�E,�'X.�Î�|±, ¿3Nõ|µe5U�LÄu

CPU �êâ¥XÚ. �É¦^|µ���, ù
XÚ"y¢�6?nUå. 
Äu GPU �

6?nXÚ, X GFlink[6]�, �Jø
Ï^|µe�6?nµe, éu'X.6�ÎKvk

�Ñ�é5�`z.

�©JÑ¿¢y
�«Äu GPU �'X.6?nµe Serval, §¿©|^ CPU-GPU

É�NX�O�]
, ¢y'X.6�Î�p�?n, �±÷v¢��Ïi�!í�XÚ�

6©Û|µeA^�póé!�$ò��I¦. Serval æ^�1g?n�ª, ÏLé6Y�

�.Ú6?n|µ�`z, ¢y
É�]
�p�|^, ¿ÏL5U�.©Û, Jøõ«5

UüÑ±Ä�·AØÓ|µ�I¦.

1 � µ

1.1 6?n�ª

�c6?nXÚÌ�æ^ü«?n�ª: “�1g” (Micro-batch)[1]Ú“X6ª” (Conti-

nous Operator Model)[2]. ùü«�ª©O�éØÓ�y¢A^|µ, ¿�gkØÓ�`"

:. 3�µe[)û�|µe, 6äkÃ�1êâ, �¢�)¤!Ñ\, d6?n�¬)¤Ã

���1gL: ë�Lêâ®�, ��#ªÇ�$.

æ^�1g�ª�XÚ, X Apache Spark Streaming �, òÂ8��Ñ\êâUìêþ

½ö���m©�Nõ�1g. ùaXÚ3z�1gÂ8�¤�òÙ�\�?nè�, ¿�

gUì�OÐ��Î?1?n. 3z�f�Î�1m©cÚ(å�, XÚ?1�g�ÛÓÚ

±�yêâ���?n, ù�¡�“¶æ (Barrier)”. ÏLù��ª, XÚ(��OÚ¢y�
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�{ü, �31g���, U
3�½§Ýþ©��	m��5�K�(XN�!ÏÕò´

�), ±d¢yóéþ���z. �ù�1þ?n��ª�wÍO\�Î��A�m, ÏdÏ

~^ué�A�mØ¯a�A^|µ.

é�A�m¯a�A^KÏ~æ^X6ª�1�ª, �LXÚ� Apache Storm. ùa

XÚvkÚ\¶æ�Å�, 
´�z^Ñ\�#P¹©���#�?Ö (Task), ¿á=m©

¿1?n. 3ù«|µe, z�?ÖÑò���¯�?nÚ�A�Ý, �?ÖéÄ!�1Ú

�£L§¥ÑÚ\
Ã{;��m�, ~XÏÕ!N�Å��. Ïd, ¦+ùa�ª�±¢

y�$��A�m, �du�am���, ÙÃ{���p�óéþ.

1.2 GPU �1�ª

ØÓ¬ý�Ï^O� GPU äNæ^�â�ØÓ, �Ù�1�ªaq, Ïd�!±

NVIDIA X� GPU �~`² GPU ��1�ª.

NVIDIA æ^ CUDA[7]$1���Ï^O�A^�mu�$1��¸. 3 GPU þ�1

�§S�¡�“Ø¼ê (Kernel Function), d CPU �§N^¿éÄØ¼ê, ÓÚ½ÉÚ�1.

ÉÚ�1� CPU ý�§�±��ØÉK�/�1�Y?Ö. ÓÚ�1�, =kN^��Ó

Ú��� CPU �§�{l, ��Ø¼ê$1(å. Ï
, 3 GPU þØ¼ê�1Ïm, CPU

�±Ø�{l, ¿1�1Ù¦?Ö. Ïd, CPU-GPU É�M�NXe�XÚU
¿©|^ù

�A5, Ün©u?Ö, ¢yp��¿1O�.

3Ø¼ê�1c, §SI��½�Ø¼ê©���§êþ; Ø¼ê�1Ïm, GPU M�

ò�Ü�§±�§å�ü y©(Ï~z��§åSk 32 ��§), ¤k�§åNÝ36õ

?nì (Stream Multiprocessor, SM) þ. z��§åS¤k�§3�g�êâ�|þ�1�

Ó��-, ù�¡�ü�-õ�§ (Single-Instruction Multiple-Thread, SIMT) �1�ª. �

I�uå�ÛS��¯�-�, du�ÛS��¯Ñ���, GPU M�ò�c�§å�Ñ,

¿�\!éÄÙ¦�§å, ±d5ùX�ÛS��¯ò��5�M�s�. ù�Å��y


3êâþ��|µe GPU M�]
oU?u�1G�. �êâ5����, I�?n��

§åêþØv, Ã{ÏLNÝ­U±~����5�]
s�, ��O�]
|^�Ø¿©,

?
ü$O�óéþ. �µeæ^
�âK1A5Ú¦^|µÄ�N�Ü·��1gL�

���{, ±ü$ù�¯K�K�.

2 µee���O

2.1 e�

Serval µe��N(�Xã 1 ¤«, 3¢y
p��1'X.6�Î?n�Ó�, ?�

Ú©O�6?n|µÚ'X.�Î�Ñ`z, ±¢y CPU-GPU É�NX]
�p�|^.

Serval µeÌ�©�ü�Ü©: CPU ýÚ GPU ý. CPU ýÌ�«ú��þêâ!½Ü6E

,�?nL§, ~X6P¹�ý?nÚ�?n!�Î�¦©Û�`z!6êâS�z��

S�zÚ)Û!�\��Ñ�; GPU K���Î�1ì, «ú�Ì���Î�¦�1Ü©.

GPU Ø¼êéÄ�, µeÖ� GPU G�&E¿N^���§êþ, ±¿©|^ GPU ��

�M�NÝõU. 3õ GPU �¸e, ��+n�¬I�òéA�Ø¼êÚë�L�êâþ

!©u�� GPU þ±¢yK1þï.

�
·A GPU �M�(�, XÚæ^�1g?n�ª, ¿±��;�ª��SÜ�;

Ú?n�ª. Ù¥, æ^��;Ì�Ñu±eü:�Ï[8]: (1) �Ü©�Î¥Ø�9�L¥

¤k��, ��;e�±=DÑÜ©��êâ, ~� CPU � GPU m� PCI-E êâþ, ±d
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ü$DÑm�; (2) ��;�ªe�±¢yÜ¿S��¯, �'1�;�ª�·Ü GPU �

SIMT �1�ª. ���;�ª¬Ú\�	m�: 6êâ�\���;�=�ÚÜ©¥m(

JÚå�1�=�. Serval µe¦^6Y��.(1 3.1 !)Ú6�1��(1 4 !)±©O~�

cöÚ�ö¤�5�K�.

2.2 �¬�O

�â¢yõUØÓ, µe¥�|��±©� 4 ��¬, 3ã 1 ¥ÏLØÓ��µ�ª

«©: �Î?n, 6?n, êâ+n, ±96�1���¬. z��¬�äNõUXe.

PCI-E
Streaming

data

Streaming

query

SM SM SM

SM SM SM
Converter Importer

Micro-batch

buffer
Parser

LLVM

compiler

Task queue

Micro-batch

table

Reference

table

Row-format

to

column-format

conversion

CPU-side

Output Result

buffer

GPU-side

L2

Cache

Intermediate

result cache

Intermediate

result

Output

Global memory

Kernel

cache

ã 1 Serval e�oA

Fig. 1 Architecture overview of Serval

���ÎÎÎ???nnn���¬¬¬ (Query Processor) �¹ü�|�: )ÛìÚ?Èì. )Ûìò6�Î)

Û���'X�êä, ¿òÙ`z���k�Ã�ã (Directed Acyclic Graphic, DAG), DAG

ã¥�!:�L'X.�f, Xë�!üS�. )Ûìòk�Ã�ãÐm����fè�,

±��Y�g�1.

)Ûì�¤)Û�, ?Èìò�fè�¥�z��f!:?È¤Õá�Ø¼ê. µeA

^ LLVM IR Eâ, ?Èì3$1�Ä�/ò#Ñ\��¦?È��±3 GPU þ$1�Ø

¼ê�-, ¿3?È��1?�Ú`z. du?È¥�ó�Ú½Ã{¢yõ�§¿1, Ïd

��Î��E,�, ù�Ú½�UÑ¤���m, �5�	m�. µeÚ\
Ø¼ê��(1

4 !)±�ØdK¡K�.

666???nnn���¬¬¬ (Streaming Processor) ØmäÂ8#���6P¹��1g¥, ¿�1)

Û!�ª=��ý?nÚ(J��?n. ¢SA^|µ¥§6P¹Ï~� CSV ½ JSON �

ª, I�=��'X.êâ¥¤|±�êâa., ù�Ú½3 CPU þ��1�ÇwÍpu

GPU. 3z��1gÂ8(å�, d CPU �1�þz�1�=�, òÂ8���1g=��
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�1gL (Micro-batch Table), ¿d�\�¬ (Importer)\1�êâ¥¥.

êêêâââ+++nnn���¬¬¬ (Data Manager) ?n¿��¤k�1gLÚë�L (Reference Table) �

êâ��êâ&E, ©��º� CPU ý½ GPU ý��À«, ��. �1gLÂ8�¤�\

\�?Öè� (Task Queue) è�, ¿3?n�¤�£Ñè�.

Xã 1 ¤«, CPU ýÚ GPU ýÑPk?Öè�Úë�L�À«, �ùüö�m�3Ø

Ó: (1) GPU ý��À«�±k�Î�'��êâ, = GPU ý���ã 1 ¥ CPU ýØ�k

ÒK�Ü©�, 
 CPU ý��À«±k�Üêâ; (2) GPU ý��À«�±kk�ê8��

1gL, ±d5ü$ GPU �ÛS��Ó^, 
 CPU ý���Ü�1gL, ��?n�¤�

òÙ£Ø, �Ï3u CPU ýS��m�±(¹*¿.

666���111���������¬¬¬ (Streaming Execution Cache, SEC) ^uü$A½|µe�­EO��

DÑm�, ©�¥m(J�� (Intermediate Result Cache, IRC) ÚØ¼ê�� (Kernel Cache,

KC). IRC ¤���¥m(J u GPU ��ÛS�¥, 
����(J���&E�;3

CPU ýS�¥, ¦^éA��f¼�. KC  u CPU ýS�, �;z�6�Î�?È(J.

zÜ©�¢y[!ò31 4 !¥£ã.

3 6Y��1�5UüÑ

3.1 CPU-GPU þ 4 �ã6Y��.

�
¿©|^ CPU Ú GPU É�NX�]
, XÚ¥A^
6Y��.5¢y]
Ü

nNÝ, ¿3dÄ:þ?�Ú`z.

�â¤I�M�Ú?Öá5�ØÓ, �1ó�6�±©� 4 ��ã, Xã 2 ¤«: Ö�

(Read), =� (Conv), \1 (Load) Ú�1 (Exec). 36Y��.?u�÷1�¹e, Serval ó

éþ�±÷vÑ\�¦, d��`k�5U�I�z�1g��A�m. 3÷1ÚL1�¹

e, Ñ\�Ç�uóéþ, ��Ñ\�)ÈØ, î­K��Y1g��A�m, �d�µeÄ

��Ä��I�óéþ.

Read

Conv

Load

Exec

1 2 3 4

1

1

1 2 3

2 3 4

2 3 4

ã 2 6Y��.

Fig. 2 Pipeline model

Ö��ã, 6?n�¬Øä�Â¿���©�6P¹, ��3�1g¥. 3=��ã,

ù
�1g�)Û�'X.êâ¥S��êâa., X�ê!2:ê!©��. ��, 3\

1�ã, z��1gÑ�üÕ�����#��1gL, ±��;�ª�\êâ¥¥, ¿�

\?Öè�"�. �1�ã�¹ê�f�ã, �ù
�ãÍÜ§Ý�p, Ã{?�Úy©, �

SÜf�ãÃ{¿1�1: �)�1gL� GPU �ÛS����, $1��è?È, ��þ

Ø¼êéÄÚ(JÂ8�.

�
?�Ú©Ûµe5U��1gL�'X, éT6Y��.�ÑXeï�. Äk½Â

z��ã��1�m©O� tread, tconv, tload Ú texec, ½Â�1g���� size, �±�Ñ�

¦�A�m L(size) �¤kf�ã��A�m�oÚ, 
�Nóéþ T (size) ÉÑ��È�
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�ã��, Xª (1) � (2) ¤«.

L(size) = tread + tconv + tload + texec, (1)

T (size) =
size

max{tread, tconv, tload, texec}
. (2)

¢�(JÿÁL², tread, tconv, tload n��ã��1gL���Cq¤�5'X, 


texec Ø���Î�'��½m� C �, �{�1�m��1gL���¤�5'X. Ï
�

z��ã½Â��'Ç ri, òþª?�Ú{z���:

L(size) ≈ (rread + rconv + rload + rexec) × size + C, (3)

T (size) ≈ min
{ 1

rread
,

1

rconv
,

1

rload
,

1

rexec + C/size

}

. (4)

ª (3) � (4) L², �1gL��, =�1gSP¹êþ�õ, éA��A�mÒ�È,

óéþ�ò3�½��S��J,. Ïd, ÏLN��1gL����ª, �±�¤ØÓ�

óéþ��A�m8I. ��, �1gL���½�, Jpz�Ú½?n�Ç, �±ü$o�

Î�A�m; ü$Ñ����ã��1�m, K�Jp Serval �Nóéþ.

3.2 5UüÑ

¢SA^¥, ØÓ|µeéXÚóéþÚ�A�mkXØÓ��¦. Xþ��!¤ã,

ÏLÜn/N��1gL���, �±¦µe��ØÓ��I�¦. Ï
, �
·A�«|

µ, Serval ¢y
 3 «5UüÑ.

3 GPU þ�1��1gL��½���, �1gL¥�6P¹3 GPU O�ü�þ�

©ÙA:ØÓ. �1gL���, òk��©�?n�§� GPU O�ü�?us�G�, ½

3���ÛS��¯�vk�±�\��§å, ü$O�]
|^Ç. 
�1gLv
��,

z� GPU O�ü�þ©�
õ��§Ú6P¹, $1¥4�?us�G�. �3�ÛS�

�¯��{l�, 6õ?nì�±�\Ù¦�§å, ü$M��s, Jp?n�Ç, ?
J,

óéþ.

Ïd, �1g¥P¹êþ�õ, ½ë�L���|µe, Serval I�Ó�éÄ�þó�

�§, ±¢y GPU O�]
�¿©|^: �����1gÓ�¬Úå6Y�þ��ã^�

O\, ���A�mO�. �
Ó�o��¢SA^|µI¦, Serval ¥¢y
Xe 3 «5U

üÑ.

������óóóéééþþþ(Max Throughput, MT). dª (4) �±�Ñ, Serval µeóéþd6Y��

1¥Ñ��È��ã¤��. Ïd, �â´¶�ØÓ, ��ª (5), �´¶?u�1�ã�, �

1gL��K�±¼��óéþ��; �´¶?uÙ¦�ã�, K��óéþ��1gL�

�Ã', 
´É�uT�ã�?n�Ç.

Tmax = max{T (size)} =







sizemax, e texec > ti,

min
{ 1

rread
,

1

rconv
,

1

rload

}

, e texec < ti.
(5)

���������AAA���mmm (Min Latency, ML). dª (3) N´��, 3��ã?n�ÇØC��¹

e, �1gL��, �A�mÒ�á. Ï
, ù�üÑo´ÀJ¦�U���1gL��, �

ùòî­ü$óéþ, 3¢SA^¥vk���A^d�, X1 5.2 !¢�¥¤ã. TüÑd
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uóéþ5UL�, 3¢SA^¥vk���A^d�, y² Serval ¿Ø·^uùa�A�

m¯a�|µ.

²²²ïïïüüüÑÑÑ(Balanced Policy, BP). Xc¤?Ø, �1gL��, KóéþÒ��, Ó��

A�m��. ,
, óéþ��A�m�O��Ç¿Ø�Ó: �X�1gL���O\, �A

�mO��ÇpuóéþO��Ç. Ïd, �üÑ}ÁÏé��²ï:, 3T:?, �1gL

��O� δ �, ã+�A�m��óéþ��Ç���p.

T (size + δ)

T (size)
6

L(size + δ)

L(size)
⇒

T (size)

L(size)
>

T (size + δ)

L(size + δ)
. (6)

ª (6) y², �1gL��¦ T /L '������, �Çò���p:. Ï
½Â5U

�Ç β �²ï: sizeb, Xª (7). Serval æ^TüÑ$1�, ÏLØäiÿ�c�1gL��

Ú?n�m, =���T²ï: sizeb, d� β′, =5U�Çé size ��êA� 0.

β(size) =
T (size)

L(size)
, β′(sizeb) = 0. (7)

4 6�1��

6�Î?n¥, ��¡3ë�LÑ\�u)Cz�, ~k�Ü©�f�Î�)�¥m(

J�±ØC, Ï
�±òùÜ©�Cz�¥m(J\±��, ±~�­EO�; ,��¡, 6

�ÎÏ~�½, Ï
�Î�¦)Û!?È�L§��±\±��. Ïd, Serval æ^6�1

��, �)ü�|�: ¥m(J��ÚØ¼ê��, ±�éþã|µ�Ñ`z.

¥¥¥mmm(((JJJ������(Intermediate Result Cache, IRC) ^u~�ØÓ�1gL�1���Ó

¥m(J�P{O�. ����E,��Î�U¹kõ�Ñ\, Ï~�)��6Ñ\ÚeZ

�ë�LÑ\. �,��f�ë�LÑ\�u)Cz�, T�f)¤�¥m(J�±���

3 u GPU �ÛS�¥� IRC ¥, ±d;��f3 GPU þ�­#O�, ��±~�1��

ª=�¤�5� CPU � GPU m�P{��.

z��f�O�m©c, Äku�ë�LÑ\��#�m, e¤kÑ\��#�m�

IRC S¤P¹��m�Ó, K�±l IRC ¥¼�®k���, aL�1�ã; eë�LÑ\

��#�m�u IRC S¤P¹��m, K`²ë�L®��#, Ï
I�­#O�, #�¥

m(JòCX�k(J. ?�Ú, ¤kf�f�ë�LÑ\þ�u)Cz�, ÙI�fÓ�

�±l IRC ¥¼�®���ÑÑ(J.

¥m(J��éu�{ü��ÎU�5�J,k�, ��±�E,�Î�5���5

UJ,. �Ï3u, {ü�ÎÏ~é�ÑyÎÜ¥m(J��^���f, Ï
Ã{��5

UJ,, 
E,�Î~~�¹�õù�a�f, ¥m(J���±ü$ùa�ÎOy��1

�m.

ØØØ¼¼¼êêê������(Kernel Cache, KC) ^u;��Ó�Î�¦�­E?È, 3z��1gL�

�Î�¦�1c, �±l KC ¥��®k�?È(J. ù�¦3?È�Ä�)¤��è�ä

Nêâ9êâþÃ', ±)¤�E^��-. äN¢y�ª�, $1�)¤�Ø¼ê�äN

êâÃ', =3zg�1�ò�êâ&E��ëêD\, Xz����À«��!1ê, Ñ

Ñý3�À«���&E��. LLVM Ä�?È)¤��è=�3ØÓ1gm��, ;�­

E?È, d�Ø¼êéÄc��êâ&Edêâ+n�¬Jø. Ø¼ê��U
?�Úü$

�1�ã¥��½m�, ¢y�N5UJ,.
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5 ¢ �

���¸̧̧���������. Serval µeÿÁ¦^üÑÖì, �kü� Intel Xeon 4110 8 Ø CPU, 160 GB

S�Ú��äk 24 GB �ÛS�� NVIDIA Tesla P40 GPU. ÿÁ¥��é'� Apache

Spark Streaming 2.3.2 Ú Apache Flink 1.7.1 ¦^n��Ó CPU ÚS����ÑÖì, !:m

æ^ 10 GbE �î�äpé. ÑÖìþSCö�XÚ CentOS 7.4 � NVIDIA CUDA 9.1 ��.

XXXÚÚÚ888¤¤¤. Serval µe¢yu GPU êâ¥XÚ MapD[9-10]�m
�� 4.4.1 �þ. MapD

��äkò6P¹�\�êâ¥S!²LÓÚ���ë�L±9¯¢L?n�õU, �"

�¢�6�ÎÚ�©¤ã�`zõU. Serval µe8¤¢yÌ��): Ü©|^Ù'X.�

Î?n�¬, ­#�OÚ¢y�k�Ü©�¬Ú|�(êâ+n�¬, �¦)Û!?È�¬),

¿\\#�6?n�¬!6�1�� (IRC � KC) �¬�.

¢¢¢���êêêâââ888. du'X.�Î�6?nA^|µ�õ, vkÏ^�ÄOÿÁ, Ïd�

©æ^?U�� TPC-H 'X.ÿÁIOêâ8 Scale Factor 10 Ú 100, oêâ8��©O

� 10 GB(SF10) Ú 100 GB(SF100) ��¢�ÿÁÄ:. ?USN�, ò TPC-H êâ8¥

LINEITEM L��ÿÁ¥�6P¹L, ±©�6�/ªÑ\. Ù{L��ë�L, ýk\1

�XÚ©��;¥, ¿3éÄ�\1\S�. ¤ÿÁ��ÎºX� LINEITEM L�'é�

Q1, Q3, Q6, Q12, Q14, Q17 Ú Q18, Ù{� LINEITEM LÃ'��ÎØ3ÿÁ���S.

5.1 �6?nXÚé'

Serval ���óéþüÑ (MT) Ú²ïüÑ (BP) � Spark Streaming, Apache Flink Ú

MapD �é'(JXã 3!ã 4 ¤«, ã¥ (a) � (b) ©Oæ^ TPC-H SF10 Ú SF100, ±�

Î�¦©|. ã 3 ��XÚóéþ� Spark Streaming �'�, '�pL«XÚóéþp, 5

U�`; ã 4 ��XÚ�A�m� Spark Streaming �'�, '�$L«XÚ�A�m�á,

5U�`.
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Fig. 3 Comparison of different streaming processing systems: throughput
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Fig. 4 Comparison of different streaming processing systems: latency
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dã 3!ã 4 ��, 3 SF10 ÿÁ¥ Q1 � Q6 �	�Ù¦�Îe, üÑÖì� Serval æ

^��óéþüÑ�, �'un!:©Ùª� Spark Streaming Ú Flink þ�±¼��õ�

óéþJ,, ��A�mÓ�¯u�üö, ùÜ©5UJ,Ì�Ñu GPU �pO�Uå�

S�óéþ. SF100 êâ8e5UJ,?�Ú*�, �Ï3u, 3ë��O��8.��f

þ, ���ë�L�5�þ�§Ú?Ö, �±�Ðu� GPU �¿1O�5U.

Serval(MT) 3 Q1 Ú Q6 þLyØX Spark Streaming � Flink, �Ï3uùü��¦=

?n�1gL¥êâ, Ø�9�ë�L�ë�ö�, Ï
O�þ��, 3 GPU þ��1�ã

�±×��¤, ´¶=£� CPU ý�1�=��ã, d�n!:� Spark Streaming Ú Flink

Pk�r� CPU O�Uå, �Ã1�=��Ç���, Ï
��
�p�óéþ. ¦+kþ

ã��, Serval �ýé5U��
�L 800 k 1/s �óéþ, Úz��1gL�u 1 300 ms

��A�m, þ`u Serval þÙ¦�Î.

Xã 3!ã 4 ¥ Serval � MapD é'¤«, ��óéþüÑe§Serval ��u MapD Ó

�3óéþ��A�m5Uþ�5
��ÌÝJ,. MapD �1þ�\!�#��1�.

Ã{¢y CPU-GPU ¿1�1, 
 Serval �6Y��.¢y
 CPU-GPU É�]
�|^,

k�J,
óéþ. Serval Ú\
6�1��, ~�
Ü©�1gL��1�m, Ï
3�

?U MapD �f¢y�Ä:þ, E�?�Ú á²þ�A�m.

ã 3!ã 4 ¥Ð«
æ^²ïüÑ� Serval (BP) ���óéþüÑ� Serval (MT) �

é'. Serval �±3=��²þ 19% óéþ��¹e§ü$ 63% �²þ�A�m, y²T²

ïüÑ�±k�/Ïé¿|^²ï:. 
���A�müÑe, duÙóéþL$, �da

A^Ú|µØ·Ü¦^ GPU ?1?n, ÏdòÙ3(J¥üØ, �Ð«3ã¥.

þã(JL², æ^ GPU \��±�´¶ u�1�ã��Î�5wÍ�óéþJ

,, Ó�Uü$�Ü©ÿÁ�ée��A�m. �N
ó, Serval(MT) é' Spark Streaming,

�A�m5U�±ØC, 3 SF10 Ú SF100 e©O�� 1.8 �Ú 3.87 ��²þóéþ.

5.2 6�Î�\©Û

�!À� Q14(SF100), �\©ÛÙ¥�Ü©�mm��X�1gL���Cz. Xã 5

¤«, î�I�ØÓ��1gL��, =�1gL1ê, d 8 k 1ÅìO�� 512 k 1; �ý

p�IL«6Y�þØÓ�ã��mm�, ¿æ^ôÚ«© 4 ��ã; mýp�IL«XÚ

óéþ�ýé�, ±ò�ãL«; ��BÐ«�é'X, 5U�Ç β ± β(size)/β(8 k) ±J�

L«3ã¥, ¿I5
Ù�������.

�N
ó, �X�1gLO�, Serval µe�óéþ�Åìþ,, �O��Ýìì��;

Ó��A�m��C�5O�, �6Y��.¥ 4 ��ã��mm�O��Ý�Ø�Ó: �

1�ã��mO��ú, 
Ù¦�ã��mO���1gL����O�¤�5'X.

æ^��óéþüÑ�, Serval À��1gL��þ� 512 k 1��`, Ó�¼�
�

póéþ; 
æ^²ïüÑ�, 3 128 k 1� β �����, Ï
� 128 k 1�²ï: sizeb,

d�óéþ=z��A�m��Ç­���$:: �1gL���u²ï:�, óéþO�

�Ý¯u�A�mO�, �uT:�K��. �'u��óéþüÑ, �á�A�müÑÀ

J 8 k 1���`�1gL��, ± 13% ��A�m¼�
 7% �óéþ, ²þ�A�m�

,�á, �óéþL$, Ã{÷v~�|µe�I¦. é'�e, ²ïüÑ=ã+
 15% �

óéþ, =� á 63% ��A�m, �Ç��
�á�A�müÑ� 4.5 �.
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Fig. 5 Q14 (SF100) execution analysis

5.3 6�1��µ�

¢��Î¥, �6Y��ã�?n�m�6�1��¤ü$�m�Xã 6 ¤«, ã¥î

�IL«¢�¥�¤k�Î, p�IL«��ã¤s¤��mm�ýé�, Ù¥��Ü©�

K��L\\6�1���ü$�Ü©. ¢�(Jw«, ¿�¤k�Î�5Um�ÑU��

J,, �Ï3u¢yXÚ¤Äu� MapD ®Ü©|±Ø¼ê��, Ïd¦+ Serval �Ñ
?

�Ú`z, �3�Ü©|µe MapD ��®¢ypÝ`z, Ã{UYJ,.

dã 6 ��, ¥m(J��3 TPC-H SF100 êâ8e Q1 � Q6 �	��Î¥ü$


5∼15% ��1�mm�, Ì��Ï3u SF100 êâ8¥ë�L��, ��O��m��, Ï

dÏL~�ëêLO�þ��ª, ¥m(J���±wÍ áE,�Î��1�m. 


SF10 e, TPC-H ë�L��, oO=� 3.4 GB, 3 MapD �)`ze®�\13 GPU �Û

S�¥, ­#O��¯, Ï
ùÜ©`z�5�J,Ø²w. Ø¼ê��K�±?�Ú3 Q1

� Q6 �	��¦þ, ²þü$ 15% ��1�m. Ù¥�Î Q1 � Q6 ��9��1gL, Ï


¥m(J��3T|µeØ)�, � MapD �)�Ø¼ê��õUv±`zùü��Î,

Ø¼ê���Ã{�5?�Ú�`z.

3�ÿÁ|µ�êâ8 Q1 � Q6 �	��Î¥, 6�1��?�Ú� Serval XÚü$


� 7% �²þ�A�m, ¿Ó�J,
 20% �²þóéþ.
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Fig. 6 Execution time cost analysis
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6 �'ó�

GPU '''XXX...êêêâââ¥¥¥XXXÚÚÚ. �cÄu GPU �'X.êâ¥XÚ, X OmniDB[5],

Ocelot[3], MapD[9-10], Kinetica[11], SQream[12] ��, Ì�'5u·�Le��Î?n�`

z. Ù¥�kÜ©XÚX MapD �Jø6�\õU, #N^r�\6P¹, ¿J\3ë�

L!¯¢L"�, ¿z��ã±Ï�1�g�Î. ù
Ä�õUÃ{^u?nëY!¢��

6�Î. �©ó�K¢y
ù�õU, ¿�5
Ãõ�Y`z.

666???nnnXXXÚÚÚ. Cc5, ïÄö�JÑ¿uÙ
õ«6?nXÚ, ©O�éØÓ�|µ

±)û�a¯K, ¿3ØÓ��ÝkX`É�Ly, X Apache Storm[2], Spark Streaming[1],

Flink[4] �. ù
XÚJø©Ùª8+þ�Ï^6?nO�, ©OA^uØÓ�|µ: póé

þ½$ò�. Ø
þãÄu CPU �XÚ�	, �kNõïÄö&¢ GPU 36?n|µe�

A^, X GStorm[13] Ú GFlink[14]©Oò GPU 8¤\ Storm Ú Flink, ¢y
Ï^O�e�$

1Ú��, ¿�Ñ?�Ú�`z, �O��8.K1?�Ú�5
5UJ,. ù
ó���

©ó��ØÓ�?3u, cöÌ�¡�Ï^O�, ¿��'X.6�Î�5�é5�`z.

GPU666???nnnµµµeee. Ø
þã�õ�XÚ�	, k
ïÄöJÑ¿¢y
õ«Äu GPU

�6?nµe, X GStream[15], SnuCL[16], GStreamMiner[17] Ú©z [18] �. ,
, ù
ó�

=��'muöJø
?§¥Ú��, E,I�muö3dÄ:þ?§¢y6?nA^, 


�m�=^���XÚ.

7 o (

�©0�
|±'X.6�Î�6?nµe Serval �¢y�`z. Serval ±�1g�

/ª, |^ GPU �M�A5, p�/¢y
�1gL�ë�L�m�'X.ö�. ÏL6Y

��., Serval ¿©|^
 CPU-GPU É�O�]
, ?�ÚJp
XÚ�óéþ. 3T�

.Ä:þ, �©JÑ
õ«5UüÑ±·AØÓ|µ, ¢y3óéþ��A�m�m�²ï.

Ød�	, �~�6?n|µe�­EO��DÑ, Serval ?�Úæ^6�1����ª, é

¥m(JÚØ¼ê?1��. ¢�(JL², ²L`z��ü!: Serval µe�óéþwÍ

�Ln!:©Ùª Spark Streaming Ú Flink, Ó�Ä��±
�A�m5U.
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