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FOSDEM 2016 / Schedule / Events / Developer rooms / Graph Processing / Modeling a Philosophical Inquiry: fro

Modeling a Philosophical Inquiry: from M
database

The short story of a long refactoring process

A Track: Graph Processing devroom
A Room: AW1.126
Day: Saturday
! p Start: 12:45

% S xS
AN e =z
\\!/'I’A/‘ }\' i ": ' Qa % 2 | m End: 13:35
RS \ ¢
’\ ”"é\‘\ /I ( ‘ //?“‘ Bruno Latour wrote a book about philosophy (an inquiry into modes of existence). He decided that the paper book was no

\' V/ A . +—w place for the numerous footnotes, documentation or glossary, instead giving access to all this information surrounding the
‘ \ book through a web application which would present itself as a reading companion. He also offered to the community of
. +. readers to submlt thelr contrlbutlons to hisi |nqu|ry by writing new documents to be added to the platform The first version
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Reference Venue Generic  Considered Programming Model  Used Multi  Input 4 +
(scheme name) Design' Problems? (§ 2.4) or Technique® (§ 2.5) Language FPGAs® Location® " m Wh a‘t p rog ram m I n g
Kapre [71] spreading .
(GraphStep) FCCM06 3 activation® [82]  BSP unsp. (6] BRAM 220k 550k pal’ad | g m an d Why’?
Weisz [92] FCCM'14 Y TRW-5, Vertex-Centric ns e DRAM 110k 221k .
(GraphGen) CNN* [112] X : unsp-
Kapre [70] ASAP'15 SpMV Vertex-Centric, BSP  C++ (HLS) €3 BRAM 17k 126k
(GraphSoC) p ertex-Centric, ++ ( ) |
Dai [40]
(FPGP) FPGA'16 (&) BFS None unsp. (6] DRAM  41.6M  14B
Oguntebi [93] , BFS, SpMV, PR,
(GraphOps)  FPOA16 &) Verten Cover None Max] (HLS) i@ BRAM 16M  128M
Zhou [134] FCCM’16 O SSSP, WCC, MST Edge-Centric unsp. ip DRAM 47M 65.8M
Engelhardt [49] , . Migen ;
(GraVF) FPL'16 L& BFS, PR, SSSP, CC Vertex-Centric (HLS) e BRAM 128k 512k
Dai [41]
(ForeGraph) FPGA'17 @] PR, BFS,WCC  None unsp. (&) DRAM  41.6M  1.4B

Hybrid (Vertex-
Zhou [136] SBAC-PAD’17 &) BFS, SSSP and Edge-Centric) unsp. ip DRAM 10M  160M
BFS, SSSP, CC, Transactional System-

Ma [85] FPGA’17 (4] TC. BC Memory [16, 59] Verilog (4] DRAM 24M  58M |
Lee [79] BFS, PR, CC, . o ‘
(ExtraV) FPGA'17 '@ AT* [60] Graph Virtualization ~ C++ (HLS) @ DRAM 124M  1.8B
Zhou [135] CF’18 (4] SpMV, PR Edge-Centric, GAS unsp. e DRAM 41.6M  14B|
Yang [125] report (2018) &3 BFS, PR, WCC None OpenCL @ 485M  69M |
Yao [127] report (2{}18) (4] BFS, PR, WCC None unsp. g BRAM 4.85M  69M

~15 FPGA graph

processing framework
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Reference Venue Generic  Considered Programming Model  Used Multi  Input nt ot ‘l, |
(scheme name) Design' Problems? (§ 2.4) or Technique® (§ 2.5) Language FPGAs® Location® ® Wh a‘t p rog ra m I n g
Kapre [71] , spreading .
(GraphStep) ~ FCCM06 @] activation® [82]  BSP unsp. (6] BRAM 220k 550k pal’adlg m and Why’?
Weisz [92] FCCM'14 Y TRW-5, Vertex-Centric ns e DRAM 110k 221k .
(GraphGen) CNN* [112] X : unsp-
Kapre [70] ASAP’T
(GraphSoC) Babb [4] report (1996) @ SSSP None Verilog (6} Hardwired 512 2051
Dai [40] EPGA’1 Dandalis [43]  report (1999) @ SSSP None unsp. (6} Hardwired 2048 32k
(FPGP) Tommiska [116] report (2001) @ SSSP None VHDL P BRAM 64 4096
Oguntebi [93] , " ) Hardwired :
(GraphOps) FPGA™Y Mencer [87] FPL’02 g ggg;hablhty’ None i,;l(\)/\ks I L (3-state 88 7744
Zhou [134] FCCM’ buffers)
Engelhardt [49] Bondhugula [27] IPDPS’06 ip APSP Dynamic Program. unsp. ip DRAM unsp.
Gg VF FPL’16| Sridharan[110] TENCON’09 @ SSSP None VHDL P BRAM 64 88
(GraVF) Wang [121] ICFTP’10 @ BFS None SystemC DRAM 655k 1M
Dai [41] EPGA 1 Betkaoui [21]  FTP'11 L) GC Vertex-Centric Verilog € DRAM 300k  3M
(ForeGraph) Jagadeesh [65] report (2011) @ SSSpP None VHDL g Hardwired 128 466
Zhou [136] SBAC-H Betkaou? [22]  FPL'12 p APSP Vertex—Centr?c Ver!log (@] ~ DRAM 38k 72M
Betkaoui[23] ASAP’12 ip BFS Vertex-Centric Verilog (6} DRAM 16.8M  1.1B
Ma [85] Fpga| Attia 2] IPDPS'14 g BFS Vertex-Centric VHDL O DRAM  84M 536M |
(CyGraph)
. . DRAM,
}—Eit[r?\]/) FPGA’ 1 Ni[91] report (2014) @ BFS None Verilog L SRAM 16M  512M
Zhou [135] CF’18 Zhou [132] IPDPS’15 p SSSpP None unsp. L ] DRAM 1M unsp.
Y, 125 Zhou [133] ReConFig'15 @ PR Edge-Centric unsp. L ] DRAM 2.4M 5M
ang [125] report { ymuroglu [117] FPL'15 L) BFS None Chisel ~DRAM 2.IM  65M
Yao [127] report (| e [80] report (2016) @ SSSP None unsp. iy DRAM 23.9M 58.2M
Zhang [129] FPGA'17 L BFS MapReduce unsp. L ] HMC 33.6M 536.9M —
Zhang [130] FPGA'18 p BFS None unsp. HMC 15 F PGA g rap h
Kohram [76] FPGA’18 g BFS None unsp. i HMC .
Besta [13] FPGA’19 ip MM Substream-Centric Verilog ip DRAM 4.8M  117M proceSSI ng fram ework

~25 FPGA accelerator

for specific algorithms
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Reference v Generic  Considered Programming Model  Used Multi  Input 4 +
(scheme name) enue Design' Problems? (§ 2.4) or Technique® (§ 2.5) Language FPGAs® Location® " m
Kapre [71] , spreading
(GraphStep) FCCM06 activation® [s2]  BSP unsp. (4] BRAM 220k 550k
?c/.erl:; Eéln) FCCM'14 Y I:m/*s[; 2] Vertex-Centric unsp. P DRAM 110k 221k
Kapre [70] ASAP’T
(GraphSoC) Babb [4] report (1996) @ SSSP None Verilog (6} Hardwired 512 2051
Dai [40] EPGA’1 Dandalis [43]  report (1999) @ SSSP None unsp. (6} Hardwired 2048 32k
(FPGP) Tommiska [116] report (2001) @ SSSP None VHDL P BRAM 64 4096
Oguntebi [93 , e ) Hardwired
(C:graph0|[)s)] FPGA™Y Mencer [87] FPL’02 g ggg;hablhty’ None i,;l(\)/\ks I L (3-state 88 7744 |
Zhou [134] FCCM’ , , buffers)
Engelhardt [49] Bondhugula [27] IPDPS’06 g APSP Dynamic Program. unsp. ] DRAM unsp.
FPL’16| Sridharan[110] TENCON’09 "@ SSSP None VHDL P BRAM 64 88
(GraVF) Wang [121] ICFTP’10 @ BFS None SystemC DRAM 655k 1M
Dai [41] EPGA 1 Betkaoui [21]  FTP'11 L) GC Vertex-Centric Verilog € DRAM 300k  3M
(ForeGraph) Jagadeesh [65] report (2011) @ SSSpP None VHDL g Hardwired 128 466
Zhou [136] SBAC-H Betkaou? [22]  FPL'12 p APSP Vertex—Centr?c Ver!log (@] ~ DRAM 38k 72M
Betkaoui[23] ASAP’12 ip BFS Vertex-Centric Verilog (6} DRAM 16.8M  1.1B
Ma [85] Fpga| Attia 2] IPDPS’'14 i@ BFS Vertex-Centric VHDL &Y DRAM  8.4M 536M
(CyGraph)
}—Eit[r?\]/) FPGA’ 1 Ni[91] report (2014) @ BFS None Verilog L SDIE:‘I\T’ 16M  512M
Zhou [135] CF’18 Zhou [132] IPDPS’15 p SSSpP None unsp. L ] DRAM 1M unsp.
Zhou [133] ReConFig'15 @ PR Edge-Centric unsp. L ] DRAM 2.4M 5M
Yang [125] report { ymuroglu [117] FPL'15 L) BFS None Chisel ~DRAM 2.IM  65M
Yao [127] report (| e [80] report (2016) @ SSSP None unsp. iy DRAM 23.9M 58.2M
Zhang [129] FPGA'17 L BFS MapReduce unsp. L ] HMC 33.6M 536.9M
Zhang [130] FPGA'18 p BFS None unsp. HMC
Kohram [76] FPGA’18 g BFS None unsp. i HMC
Besta [13] FPGA’19 ip MM Substream-Centric Verilog ip DRAM 4.8M  117M

What programming

paradigm and why?

Key techniques, paradigms

OKIffSy3asSazx

~15 FPGA graph
processing framework

~25 FPGA accelerator

for specific algorithms
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Reference Generic  Considered Programming Model  Used Multi  Input 4 + ‘l, |
Venue . 1 2 . 4 4 . 5 n m =
(scheme name) Design Problems® (§ 2.4) or Technique” (§ 2.5) Language FPGAs" Location ® Wh a‘t p rog ram m I n g
Kapre [71] , spreading .
(GraphStep) ~ FCCM06 @] activation® [82]  BSP unsp. (6] BRAM 220k 550k pal’adlg m and Why’?
Weisz [92] , TRW-S*, . -
FCCM’'14 ' Vertex-Centric unsp. DRAM 110k 221k
(GraphGen)
Kapre [70] ,
ASAP’1
(GraphSoC) Hardwired 512 2051
Dai [40] , Hardwired 2048 32k
(FPGP) FPGAT ~ i ~ BRAM 64 %096
Oguntebi [93] ., LJ- LIS NE U KS Nyge |
(GraphOps) FPGA'T (3-state 88 7744
Zhou [134] FCCM’ : : buffers)
Engelhardt [49] Bondhugula [27] IPDPS’06 ip APSP Dynamic Program. unsp. ip DRAM unsp.
GraVF FPL’16| Sridharan[110] TENCON’09 "@ SSSP None VHDL P BRAM 64 88
(GraVF) Wang [121] ICFTP’10 @ BFS None SystemC DRAM 655k 1M
Dai [41] EPGA 1 Betkaoui [21]  FTP'11 L) GC Vertex-Centric Verilog € DRAM 300k  3M
(ForeGraph) Jagadeesh [65] report (2011) @ SSSpP None VHDL g Hardwired 128 466
Zhou [136] SBAC-H Betkaou? [22]  FPL'12 p APSP Vertex—Centr?c Ver!log (@] ~ DRAM 38k 72M
Betkaoui[23] ASAP’12 ip BFS Vertex-Centric Verilog (6} DRAM 16.8M  1.1B
Ma [85] FPGA'1 f‘ét;z[rszh) IPDPS'14  p BFS Vertex-Centric VHDL O} DRAM  84M 536M | . :
Lee [79] DRAM Key techniques, paradigms
FPGA’ 1 Ni[91] report (2014) @ BFS None Verilog L SRAM 16M  512M < ~ A
(ExtraV) OKIFItfSyasSazx
Zhou [135] CF’18 Zhou [132] IPDPS’15 p SSSpP None unsp. L ] DRAM 1M unsp.
Y, 125 Zhou [133] ReConFig'15 @ PR Edge-Centric unsp. L ] DRAM 2.4M 5M
ang [125] report { ymuroglu [117] FPL'15 L) BFS None Chisel ~DRAM 2.IM  65M
Yao [127] report (| e [80] report (2016) @ SSSP None unsp. iy DRAM 23.9M 58.2M
Zhang [129] FPGA'17 L BFS MapReduce unsp. L ] HMC 33.6M 536.9M —
Zhang [130] FPGA'18 p BFS None unsp. HMC 15 FPGA graph
Kohram [76] FPGA’18 g BFS None unsp. i HMC .
Besta [13] FPGA’19 ip MM Substream-Centric Verilog ip DRAM 4.8M  117M proceSSIng framework

~25 FPGA accelerator

for specific algorithms
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Reference Venue Generic  Considered Programming Model Used Multi  Input ot mt @
scheme name Design'! Problems? (§ 2.4) or Technique® (§ 2.5) Language FPGAs* Location’ -
‘ ) s (82 orTechnique’ (§ 27) Languag ' = What programming
Kapre [71] , spreading .
(GraphStep) ~ FCCM06 @] activation® [82]  BSP unsp. (6] BRAM 220k 550k pal‘adlg m and Whyt)
Weisz [92] . TRW-S*, . :
FCCM’14 _ Vertex-Centric unsp. DRAM 110k 221k
(GraphGen)
Kapre [70] ,
(Graphsoc) AP Hardwired 512 2051
Dai [40] , Hardwired 2048 32k
(FPGP) ARt ~ i ~ BRAM 64 %096
Oguntebi [93] . LJ- LISNE 0 KS Ngve |
(GraphOps) FPGA 1 (3-state 88 7744
Zhou [134] FCCM’ : : buffers)
Engelhardt [49] Bondhugula [27] IPDPS’06 ip APSP Dynamic Program. unsp. ] DRAM unsp.
FPL’16| Sridharan[110] TENCON’09 @ SSSP None VHDL L] BRAM 64 88
(GraVF) Wang [121] ICFTP’10 @ BFS None SystemC DRAM 655k 1M
Dai [41] 300k 3M
(ForeGraph 128 466
Zhou [136] 38k 72M
168M  1.1B
Ma [85] 8.4M 536M | : :
Lee [79] S Key techniques, paradigms
E t V = . A ~ -
(Zh::a[13)5] 1M unsp. O K I f f S y 3 S a Z
24M  5M
Yang [125] Graph Processing on FPGAs: Taxonomy, Survey, Challenges 2IM  65M
Yao [127] Towards Understanding of Modern Graph P ing, St d Analyti 23.9M 38.2M
owards Understanding o odern urap rocessing, orage, an nalytics 33.6M 536.9M
~15 FPGA graph
MACIE] BESTA*, DIMITRI STANOJEVIC™, Department of Computer Science, ETH Zurich rOCGSS|n fram ework
JOHANNES DE FINE LICHT, TAL BEN-NUN, Department of Computer Science, ETH Zurich 48M 1M P 9

TORSTEN HOEFLER, Department of Computer Science, ETH Zurich

Graph processing has become an important part of various areas, such as machine learning, computational
sciences, medical applications, social network analysis, and many others. Various graphs such as web or
social networks may contain up to trillions of edges. The sheer size of such datasets, combined with the
irregular nature of graph processing, poses unique challenges for the runtime and the consumed power. Field
Programmable Gate Arrays (FPGAs) can be an energy-efficient solution to deliver specialized hardware for

~25 FPGA accelerator

for specific algorithms




v e on ETHziirich

Reference v Generic  Considered Programming Model Used Multi  Input " + : ', ‘ .
(scheme name) enue Design1 Problems’ (§ 2.4) or Technique’ (§ 2.5) Language FPGAs” Location® " m ® Wh at p rog ram m I n g
Kapre [71] , spreading .

(GraphStep) FCCM06 3 activation’ [57) BSP unsp. (6] BRAM 220k 550k p ara d | g m an d Why’?
Weisz [92] FCCM'14 ) TRW-S,, Vertex-Centric unsp. ] DRAM 110k 221k

(GraphGen)

Kapre [70] , .

(GraphSoC) ~ SAP1 Selected parts are in the FPG A Hardwired 512 2051

(Dai [40)] FPGA'1 D2 ~ , ~ ) Hardwired 2048 32k

FPGP T L BRAM 64 096

N LI LISNE G KS N

(GraphOps) Me (bBU-:fteartse) 88 7744

E:O:HE;M:}SE [49] FCCM Bondhugula [27] IPDPS’06 ip A DRAM unsp.

8 FPL’16| Sridharanl110 ! BRAM 64 88
(GTaVF) DRAM 655k 1M
Dai [41] 300k 3M
(ForeGraph 128 466
Zhou [136] . ht) ]6?/3\‘; 121%

‘v Wi ear tonig L
Ma [85] . er\I’ W|“ app 8.4AM  536M : :
e 29 (submltted toa BB Key techniques, paradigms
(ExtraV) ~ . S & X
13“5[1[2]‘7?]5] Graph Processing on FPGAs: Taxonomy, Survey, Challenges 2IM  65M
ao
Towards Understanding of Modern Graph Processing, Storage, and Analytics 23.9M 58.2M
33.6M 536.9M ~15 FPGA graph
MACIE] BESTA*, DIMITRI STANOJEVIC™, Department of Computer Science, ETH Zurich I
JOHANNES DE FINE LICHT, TAL BEN-NUN, Department of Computer Science, ETH Zurich AEM 1M processing framework

TORSTEN HOEFLER, Department of Computer Science, ETH Zurich

Graph processing has become an important part of various areas, such as machine learning, computational = 25 F P GA acce | e rator

sciences, medical applications, social network analysis, and many others. Various graphs such as web or
social networks may contain up to trillions of edges. The sheer size of such datasets, combined with the
irregular nature of graph processing, poses unique challenges for the runtime and the consumed power. Field
Programmable Gate Arrays (FPGAs) can be an energy-efficient solution to deliver specialized hardware for

for specific algorithms
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What programming
paradigm and why?

A0 PPDPU A Y LI S
Ff 3I2NRAOGKY &
Pregellike systems (...)
can be surprisingly
RAFTUOdzZ G I

OF NBFdzZ 2LJ

To be able tautilize pipelining
well, we really want to use
[1] S.Salihogliland JWidom,

GhLIGAYATAy3 3INIF LK € 32NRQ streaming(aka edgecentric)

Pregellikea 8 A0SY&a¢d [ 5. ® HAawmn

+ other issues

Vertexcentric,
GatherApply

Scatter, ... T
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